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Public preferences about crisis response are central to the viability of police reform

yet remain largely unmeasured. In a multimethod design featuring a nationally rep-

resentative survey experiment, police expert survey, field intervention, and qualita-

tive interviews, we examine how information shapes demand for nonpolice alter-

natives. Exposure to a live website listing community-based services significantly

reduces support across partisan lines for a police response to nonviolent incidents.

In contrast, law enforcement experts express strong preferences for police-led in-

terventions and deep skepticism toward alternatives, especially when the latter are

framed in activist terms. Our findings underscore both the potential for reform and

the institutional resistance that continues to constrain it.
KEYWORDS. Public preference, Demand for police, Nonpolice alternative.

1. INTRODUCTION

The optimal provision of public goods is a central topic in economics (Hart et al., 1997),

yet we know little about how individuals form preferences over coercive state services such

as policing. This question is especially salient in contexts of acute need, where the state’s

monopoly on force meets individual demand (Bowles, 1998). Should police intervene in a

mental health emergency, a domestic dispute, or a routine public disturbance? Despite the

centrality of policing to modern welfare states, we lack a microeconomic framework for

understanding when—and why—people prefer law enforcement to a nonpolice response.

This research gap coincides with an urgent institutional challenge. In the US, nearly

all requests for assistance through 911 trigger dispatches of armed police—regardless of

whether police are best suited to intervene. The reckoning after George Floyd’s murder

in 2020 prompted calls for public health–based and community-based response models

(Akbar, 2020; Kaba et al., 2021; Phelps, 2024), with scholars and policymakers advocat-

ing reallocation of emergency response to social workers or unarmed teams (Davis et al.,

2024; Ba et al., 2025). Despite momentum and promise of alternatives public safety mod-

els (Shem-Tov et al., 2024; Adukia et al., 2025), implementation of alternatives remains

rare and institutional structures related to police have hardly shifted (Ba et al., 2023).

Limited public demand, lack of information about alternatives, and institutional resistance

may each play a role. Understanding which mechanisms dominate requires a theory of how

preferences over public safety services are formed and how they can change.

In this paper, we argue that preferences for police are endogenous—shaped by prior

beliefs, personal experience, and institutional and informational environments. In contrast

work was completed during Ba’s visit to the Opportunity Inclusive Growth Institute at the Minneapolis Fed.
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to most public goods, preferences about which are revealed through voluntary consump-

tion, coercive state interventions are assigned rather than chosen. As a result, preferences

are expressed indirectly, through how people seek help and interpret or experience pub-

lic safety and service systems. Understanding these dynamics calls for a multidisciplinary

approach combining experimental, field, and qualitative methods.

Our study provides new evidence that public preferences can be influenced by tar-

geted informational interventions but that institutional resistance remains a major barrier

to reform. First, an original survey experiment reveals that exposure to a live website pre-

senting vetted nonpolice alternatives significantly reduces reported support for police in-

tervention in nonviolent scenarios. This effect is both persistent and bipartisan. Second,

a companion survey of law enforcement officers reveals strong institutional preferences

for police-led responses, limited support for alternatives, and marked resistance to activist

framings. Finally, these findings are corroborated by a field experiment and qualitative in-

terviews, which suggest that many officers perceive alternative response models as vague

or ideologically motivated.

To identify these mechanisms, we combine multiple empirical strategies. Administra-

tive data, such as 911 calls, reflect behavior under current institutions but cannot capture

latent demand for alternatives. Moreover, most individuals have little exposure to police al-

ternatives because such options are absent in most areas, so their preferences and demand

remain unobserved. We thus field an original survey experiment with over 2,700 respon-

dents, presenting four real-life incidents—each ending in preventable civilian deaths—and

one fictional scenario. These range from violent (armed robbery, domestic violence) to

nonviolent incidents (mental health crisis, homelessness). All scenarios position the re-

spondent as a bystander, measuring the propensity to call the police as witness rather than

victim.

To examine how information shapes preferences, we partner with dontcallthepo-

lice.com (DCTP), a live resource listing community-based alternatives to police interven-

tion. We randomly assign respondents to one of three animated videos (Alesina et al.,

2018; Bernstein et al., 2023) to introduce nondeceptive experimental variation. The first

video—the Government treatment—provides information on government services that can

serve as police alternatives (211, 311, 988), acting as an active control to ensure that all

participants receive relevant information, which allows us to measure the average causal

impact on beliefs (Haaland et al., 2023). The DCTP treatment contains the Government

treatment information but adds vetted information from the DCTP website on nongovern-

mental response options that minimize police involvement. Last, we implement a Control
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treatment using definitions of economic indicators, such as the full-time and part-time em-

ployment rates, as a placebo. We then assess respondents’ inclination to call the police

across scenarios and their demand for and interest in police alternatives.

Methodologically, our study overcomes core challenges facing researchers studying

public service preferences. Controversial debates around the introduction of police alterna-

tives and reallocation of police resources have complicated efforts to evaluate the effective-

ness of these alternatives and sentiment toward them (Bursztyn et al., 2023). Moreover,

evaluation of public responses to new policies requires careful consideration of the pref-

erences of key stakeholders and potential selection bias in which policies are floated for

adoption (Hjort et al., 2021; DellaVigna and Kim, 2022). Police departments, for instance,

might strategically collaborate with researchers whose work aligns with the departments’

interests (Bell, 2021; Davies et al., 2021; Cheng, 2025). We overcome these challenges

by combining experiments, field data, and interviews to explain how preferences for po-

lice shift and why institutional constraints may limit reforms. We present four main results

showing that preferences for police involvement are endogenous—they respond to context,

information, and individual characteristics.

First, preferences for police are highly context dependent: Individuals overwhelmingly

consider police involvement essential in situations involving violence. We find that the

DCTP treatment significantly reduces overall demand for a police response, especially for

nonviolent situations. In contrast, the Government treatment does not significantly change

police demand from the level in the Control group. Analyzing the likelihood that respon-

dents prefer a police response in specific scenarios, we observe that the DCTP treatment

does not significantly alter the demand for police in high-stakes, violent scenarios such as

armed robbery, when there is no substitute for police. However, the treatment significantly

reduces demand for police in nonviolent scenarios such as encountering a naked man, a

person experiencing suicidal ideation, or someone engaged in disruptive begging. The re-

sults indicate that while alternative responses are valued for nonviolent crises, the public

still sees the role of police in handling violent emergencies as critical.

Second, preferences for police largely depend on the information individuals have about

available alternatives: The DCTP treatment significantly increases the preference for a so-

cial worker response in nonviolent situations. This suggests that providing information

about community-based alternatives is more effective at reducing reliance on police than

presenting information about Government resources alone. Given the disparity between

social worker and police salaries, a shift away from police responses could also lead to

substantial savings for local governments.
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This informational effect can persist over time, especially regarding awareness of the

988 suicide prevention helpline—a critical but underused resource (PEW, 2023). A follow-

up survey one week later shows that treated participants remained likelier to prefer 988

over police for suicidal crises. They were also twice as likely to recall 988 as the con-

trol group, only 9% of whom knew of it. Moreover, respondents in the DCTP and Gov-

ernment treatments were 21 and 15 percentage points (pp) less likely, respectively, to call

911 (p < 0.01). These findings highlight the sustained impact of targeted information on

(non)emergency response preferences.

Third, preferences for police are shaped by partisanship but mutable. Preferences can

converge across political lines, depending on the nature of the situation and the infor-

mation provided. Consistent with prior research, Republicans tend to express stronger

support for police and greater resistance to reallocating resources toward nonpolice ser-

vices (Bursztyn et al., 2023; Sances, 2023, 2025). However, when exposed to the DCTP

treatment, both Democratic and Republican respondents exhibit reduced demand for po-

lice intervention in nonviolent crises. We also examine how respondents react to different

framings of police alternatives. When comparing responses to identical content framed by

dontcallthepolice.com and 911alternatives.com, both Democrat and Republican respondents

were more interested in the DCTP site despite its more politically charged name. These

results suggest that the public is broadly open to community-based alternatives and that

nonpolice response options can gain bipartisan support as the public becomes more aware

of them.

Fourth, preferences for police are shaped by individuals’ institutional roles. Even if civil-

ians exhibit openness to nonpolice responses, support from frontline actors is essential for

implementing alternatives (Prendergast, 2007; Hjort et al., 2021; Cheng, 2023; Goerger

et al., 2023). To study institutional preferences, we fielded an expert survey (DellaVigna

and Pope, 2018; Fishbane et al., 2020) with 378 law enforcement personnel. Officers’

and civilians’ preferences converge for violent incidents but diverge sharply for nonviolent

cases: Over 80% of officers reported they would call the police on a naked man in public,

while fewer than half of Democrats and independents did. Officers expressed stronger sup-

port for police intervention in mental health, homelessness, and public disturbance cases

and showed little interest in nonpolice alternatives, especially under the dontcallthepo-

lice.com framing. These patterns align with professional norms favoring intervention and
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institutional conservatism relative to civilian views. To our knowledge, this is the first na-

tionally representative survey of officers’ normative views on (non)crisis response, provid-

ing empirical evidence of institutional biases (Prendergast, 2003) that create inefficiencies

in public service provision and hinder adoption of alternative response models.

We complemented this survey with a large-scale field experiment targeting 2,000 insti-

tutional stakeholders—including police, sheriffs, local elected officials, and Department of

Justice grantees—randomized to receive emails referencing either dontcallthepolice.com

or 911alternatives.com, both linking to identical content. Engagement among nonpolice

actors was similar across framings, but police were significantly likelier to open emails

with dontcallthepolice.com in the subject line. Because the outcome is an observed behav-

ioral action—clicking for information—rather than a self-reported opinion, the experiment

strengthens the external validity of our findings by showing that framing effects translate

into measurable engagement, consistent with the interpretation of digital engagement met-

rics in recent field experiments (DellaVigna and Linos, 2022). The results further indicate

that police are responsive to politically salient framings of alternative response models.

Finally, we conducted 45-minute semistructured interviews with 60 stakeholders, in-

cluding law enforcement officials, local policymakers, and public safety administrators

(Finkelstein et al., 2021; Bergman et al., 2024) to unpack the mechanisms behind the

patterns we detected in the surveys. While many interviewees supported 911-style alterna-

tives for reducing police workload and preventing escalation, reactions to the DCTP web-

site were polarized. Police stakeholders expressed concerns about its perceived association

with the activist movement to “defund the police” and potential confusion over the roles of

multiple first responders. Even when willing to engage, officers often registered skepticism

rather than support. These findings suggest that broad public support may not in itself be

enough to reform police response. Successful adoption of alternatives will require careful

framing and active engagement with law enforcement, whose resistance may otherwise

stall reform.

Literature Review Our study builds on research documenting police–civilian encounter

patterns, their effects on fear and risk (Pickett et al., 2022; Rivera and Ba, 2023), and

racial variation in demand for police services (Sola and Kubrin, 2023). However, this ev-

idence relies primarily on crime events or victimization surveys (Ang et al., 2025), cap-

turing only people directly affected by criminal activity. How the broader public perceives
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nonpolice alternatives—particularly in noncriminal contexts1—remains unclear. No study

has systematically measured public awareness of emerging alternative response programs

or quantified demand for police and its substitutes. We address this gap by estimating

residents’ and police officers’ preferences for police and nonpolice responses in various

noncriminal situations.

Second, our research intersects with literature on partisanship, polarization, and policy

adoption (Canen et al., 2020; DellaVigna and Kim, 2022). Recent studies reveal significant

externalities from the politicization of policies in areas such as health insurance (Sances

and Clinton, 2021; Bursztyn et al., 2022) and redistribution (Cascio and Washington, 2013;

Cullen et al., 2021). While party affiliations often shape beliefs and behaviors in domains

such as policing (Grosjean et al., 2022; Ang and Tebes, 2024; Ba et al., 2025; Goncalves

and Tuttle, 2024), our research highlights an area where polarization is low. We document

a stable effect of our information intervention across political lines on demand for police

alternatives in nonviolent crises and interest in dontcallthepolice.com, echoing Henn et al.

(2024).

Our findings contribute to the broader political economy literature showing that par-

tisan divides in public good provision can be mitigated through well-designed informa-

tional interventions. We show that even in the highly polarized domain of policing, ex-

posure to contextualized alternatives promotes bipartisan convergence in preferences on

(non)emergency response. This complements evidence that social norms and policy atti-

tudes shift when individuals receive salient, targeted information (Gentzkow and Shapiro,

2011; Bursztyn et al., 2020). Applying these insights to coercive state services, our study

contributes to debates on the conditions under which informational interventions can re-

align public preferences in polarized environments (Alesina and Glaeser, 2004; Bursztyn

et al., 2022; Sances, 2023).

Third, our research contributes to the literature on policy adoption and how policymak-

ers respond to evidence-based research (Hjort et al., 2021). Our work relates to research

documenting positive selection of experimentation sites in evaluations of new programs

(Allcott, 2015; Wang and Yang, 2025), a bias that may be particularly relevant when we

consider the role of police departments in policy design. Police departments may join stud-

ies to ensure favorable outcomes or control the narrative, such that findings may suffer

1A recent analysis of 911 calls across eight US cities finds that 23–39% of the calls were classified as low
priority or nonurgent, including animal rescue situations, minor disputes, and welfare checks (Community
Responder Model 2020).
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from positive selection (Bell, 2021; Goerger et al., 2023). Given the literature on the gen-

eralizability of evidence-based policies (Vivalt, 2020; DellaVigna and Kim, 2022), our field

experiment highlights how stakeholders, particularly those whose autonomy or image may

be affected by a policy change, play a crucial role in the adoption of new policies.2

Plan The remainder of this paper is structured as follows: Section 2 provides background

on nonpolice response alternatives in the US. Section 3 details our survey experiment eval-

uating the impact of information on demand for police alternatives. Section 4 documents

the results from our survey of law enforcement on alternative response. Section 5 covers

our field experiment of stakeholders in the reform of police response and their qualitative

interviews. Section 6 concludes.

2. BACKGROUND ON POLICE ALTERNATIVES

Governmental Resources The US operates several hotlines that provide public services

and can substitute for police in specific emergencies. The 988 hotline, launched in July

2022, serves as a critical resource for suicide prevention and mental health emergencies,

offering a direct line to mental health professionals who can offer immediate assistance.

Similarly, the 211 hotline, launched in 2000, is a government-supported service directing

individuals to essential social assistance services such as housing aid, food assistance pro-

grams, and employment support. Last, the 311 hotline connects residents with municipal

services, addressing inquiries and issues about city regulations, public works, sanitation,

and transportation. These hotlines provide specialized assistance for noncrime emergen-

cies and other situations where such services are applicable.

Nongovernmental Resources We collaborate with the platform dontcallthepolice.com to

evaluate awareness of and demand for various community-based alternatives to traditional

law enforcement services. DCTP lists services supporting youth, LGBTQ+ people, and in-

dividuals facing homelessness, mental health crises, abuse, or nonviolent conflict. DCTP

vets each listed resource to ensure that the information is current and accurate, including

assessments of the potential for any law enforcement involvement, with notes on whether

the service provider is a mandatory reporter. The website name is designed to encourage

individuals to reconsider reflexively relying on police as first responders. Since its launch,

DCTP has listed over 500 organizations across North America and attracted more than

2Our paper also contributes to a growing economic literature using qualitative interviews to illuminate
context and mechanisms (Finkelstein et al., 2021). We provide new quantitative evidence on the demand for
and barriers to institutionalizing police alternatives—an area previously explored mainly through qualitative
and legal scholarship (e.g., Simonson, 2020; Chaudhary et al., 2021).
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1.17 million visits. Figure 1 shows a traffic spike around the conviction of Derek Chauvin—

the officer responsible for George Floyd’s murder. This surge, contrasting with the stead-

ier traffic on communityresourcehub.com and variation in visits to defundthepolice.com,

highlights how public interest in alternative resources grows during major police-related

scandals (Prendergast, 2001; Rivera and Ba, 2023).

3. DEMAND FOR POLICE AND ALTERNATIVES

3.1 Experimental Design

Overview and Logistics We surveyed an online sample of 2,745 US adults to gauge

their baseline preferences for police involvement in specific scenarios. Participants were

recruited via Prolific in July and August 2024. We used the platform to target a represen-

tative sample by gender and party affiliation. Respondents were randomized into treat-

ments in which they viewed educational videos on both governmental and nongovernmen-

tal response alternatives. Our research protocol was preregistered with the AEA registry

(AEARCTR-0014096). The eligibility criteria were that the respondent be a US resident,

of voting age, and proficient in English. Participants received a $2 payment, contingent on

their completing the study and passing the attention checks. The median completion time

was approximately 13 minutes.

Survey Structure The survey began by collecting participants’ zip code of residence and

presenting an attention check question; respondents failing the check were screened out.

We then collected respondents’ baseline opinions on how important a police response is in

scenarios involving (1) crime, (2) domestic violence, (3) homelessness, (4) mental health

issues, (5) sexual assault, and (5) substance abuse.

Participants were randomly assigned to concise videos describing nonpolice alterna-

tives. The experiment consisted of three treatment groups: (1) Control, (2) Government,

and (3) DCTP. Participants were then presented five hypothetical situations and asked to

rate their propensity to contact the police for assistance in the corresponding cases on a

0-100% scale. All scenarios were framed with the respondent as a bystander, measuring

willingness to call the police as a witness rather than a victim.

We then presented another attention check to ensure that participants were still reading

and answering carefully. Next, we asked respondents which of the two names for the site

about police alternatives was more appealing to them. Finally, we collected demographic

information, such as birth year, gender, race, education, income, and party affiliation.3

3The complete survey text can be found here.
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FIGURE 1. Website Traffic over Time
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Experimental Variation We introduced nondeceptive experimental variation via short an-

imated videos, adapted from Alesina et al. (2018) and Bernstein et al. (2023). The Control

treatment served as a placebo, providing information about unemployment, a topic unre-

lated to police. The second treatment, which we refer to as the Active Control or Govern-

ment treatment, offered information on alternative governmental services (211, 311, and

988) to help us disentangle the effects of priming from genuine belief updating (Haaland

et al., 2023). The final arm, the DCTP treatment, presented information about vetted non-

governmental options prioritizing minimization of police involvement. All the videos were

of comparable duration so that task length was equal across treatments.4 The conditions

are as follows:

• Control video: This treatment provided information on unemployment and labor mar-

ket terms.

• Government video: The treatment presented government resources as alternatives

to police response—988 for suicide and mental health crises, 211 for community as-

sistance, and 311 for city services. To maintain consistency in video duration across

the experiment, supplementary, nonpertinent content on environmental issues was

included as filler material.

• DCTP video: The treatment for this experimental arm emphasized that police are often

the default emergency responders in the US even though most calls for service do not

involve violent crimes. It then introduced dontcallthepolice.com and presented the

website as a vetted database of community resources suitable for nonviolent crises

and specialized intervention. The website advocates reliance on these alternatives to

minimize unnecessary interactions between civilians and law enforcement. The end of

the video also presents the Government video information on the 988, 211, and 311

hotlines.

Scenarios Our primary outcome measures respondents’ self-reported propensity to con-

tact law enforcement in various situations. We evaluate reactions to four scenarios based

on real incidents that resulted in civilian fatalities during police encounters, as cataloged in

the Mapping Police Violence database (detailed in the Supplementary Material). Although

these scenarios were inspired by fatal incidents, similar interactions often occur without

casualties.5 These scenarios provide real-world examples, while a fifth, fictional scenario

4Complete transcripts of the videos are provided in the Supplementary Material. The videos are available
online: Control (link), Government (link), and DCTP (link).

5The press has documented similar cases of police responses to armed robbery, a screaming woman, a naked
man, and suicidal ideation that did not result in fatalities.
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extends the inquiry into the hypothetical. This vignette approach, often used in labor eco-

nomics (Cortés et al., 2024), identifies respondents’ beliefs about the appropriateness of

relying on police as first responders. The scenarios are (1) “armed robbery” (“Two men

attempt an armed robbery of a jewelry store”), (2) “screaming woman” (“A woman screams

and cries while a man makes threats”), (3) “naked man” (“A naked man walks down the

street near a music festival”), (4) “suicidal ideation” (“A neighbor seems really upset and says

he is ‘thinking about ending things”), and (5) “disruptive begging” (“A man begs in front of

a restaurant and curses at people who ignore him”). The first two are violent incidents; the

others are nonviolent. We randomized the scenario order to prevent ordering effects.

Incentivized Follow-Up Survey We evaluate the persistence of the effect of our inter-

vention on respondents’ recall of the 988 Suicide & Crisis Lifeline, a free, 24/7 resource

launched in July 2022 to replace the former 10-digit National Suicide Prevention Life-

line. Awareness of this resource remains low—only 13% of the public overall know about

988, according to Pew (2023). Focusing on the “suicidal ideation” and “armed robbery”

scenarios, we test whether our educational videos improved recall of 988 a week later. Par-

ticipants could earn $0.10 for correctly identifying the appropriate government resource

within 20 seconds (we employ this design to mimic the urgency of real-world crises). We

compare responses between treated and untreated groups to assess whether brief informa-

tion exposure fostered lasting awareness of alternatives such as 988.

Empirical Specification We analyze the impact of the information treatments on various

outcomes using the following ordinary least squares (OLS) specification:

yi = a + bDDCTPi + bGGovernmenti + X0
i g + ei, (1)

where outcome yi of respondent i is a function of each treatment condition. The variable

DCTPi is a binary variable that equals one if the respondent received the DCTP video treat-

ment and zero otherwise. The variable Governmenti is a binary variable that equals one if

the respondent received the Government video treatment and zero otherwise. The omitted

group corresponds to the Control arm. In addition, in Xi, we control for individual covari-

ates. These include age dummies, race/ethnicity dummies, a dummy for men, education

dummies, party affiliation dummies, income dummies, a dummy for single respondents,

and baseline demand for police. We use robust standard errors, as we randomized at the

individual level. The parameters on the treatment indicators identify the intent-to-treat

effects under randomization.
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Outcome Variables The primary measure is the respondent’s self-reported likelihood of

calling the police across the five scenarios, quantified on a scale of 0–100. We summa-

rize responses using the Kling–Liebman–Katz (KLK) index (Kling et al., 2007), generating

composite z-scores for overall police demand and demand in the violent and nonviolent

scenarios.6 Additionally, we create a binary variable to capture respondents’ preferred re-

sponders (police, social workers, or none) for each scenario. Interest in alternative re-

sources is gauged with a binary variable reflecting engagement or no engagement with the

dontcallthepolice.com or 911alternatives.com website.7

3.2 Descriptives

Table 1 shows demographic distributions for the overall sample and the subdivisions of

the Control, Government, and DCTP experimental conditions. Respondents’ demographics

are consistent across these groups, except on educational attainment (where we see a

significant difference [p < 0.05] in the distribution of respondents with high school or less

across the experimental groups); there are no significant differences (p > 0.1) by age, race,

gender, party affiliation, marital status, or baseline value on our index of policing demand.

This indicates that the randomization led to balanced characteristics across the treatment

arms.

Our sample is 60% White. Men make up less than half of the sample, and respondents’

average age is 47. Respondents’ education levels mostly exceed high school, with a modest

fraction holding graduate degrees. A majority are Democrats, and less than a fifth have

no party affiliation. Over half of the respondents are not single. Income levels are mixed,

with a small portion in the high-income bracket. We do not find significant differences

along these demographic characteristics in the baseline police preferences index, as further

confirmed by the similar distributions of pretreatment demand for police services across

groups.8

6We compute the z-score by subtracting the control group’s mean and dividing by its standard deviation.
7Outcome definitions and coding procedures are provided in the Supplementary Material.
8Table 7 shows that the Prolific sample broadly mirrors the US population in key demographics, including

gender, education (some college), income, and marital status. Differences remain: Respondents are slightly
older, more often Black or of other racial groups, less often Hispanic, and more educated, with more holding
graduate degrees. The sample also leans more Democratic and includes fewer independents. These differences
should be considered in interpretation of the survey results. To ensure accurate interpretation, we present the
results disaggregated by group in subsequent sections, as some groups may not be fully representative in our
main analysis.
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TABLE 1. Summary Statistics by Treatment Arm

(1) (2) (3) (4) (5)

All Control Government DCTP p-value

Age 47.86 47.77 46.60 49.17 0.704

Black 0.19 0.18 0.20 0.19 0.592

Hispanic 0.06 0.07 0.05 0.06 0.274

Other Race 0.14 0.16 0.13 0.13 0.127

Male 0.45 0.45 0.43 0.47 0.447

High School or Less 0.14 0.15 0.14 0.12 0.043

Some College 0.22 0.22 0.21 0.22 0.940

Graduate Degree 0.20 0.21 0.18 0.22 0.621

No Party 0.21 0.21 0.20 0.21 0.922

Democrat 0.44 0.43 0.46 0.43 0.941

High Income 0.20 0.21 0.18 0.20 0.898

Low Income 0.13 0.13 0.14 0.13 0.768

Single 0.33 0.32 0.35 0.33 0.653

Baseline Police Demand Index 0.00 0.00 -0.01 0.01 0.829

Observations 2745 916 907 922 2745

Notes: The table presents the descriptive statistics by treatment arm. Column (1) provides the

mean level of each variable for the full sample. Columns (2)–(4) report the mean level of each

variable by treatment arm. Column (5) reports the p-value from a test of the hypothesis of equal

means across the experimental conditions.

3.3 Main Results

Demand for Police Table 2 reports the main estimates from Equation 1. Columns (1)–

(3) show the KLK index results. Respondents exposed to the DCTP video exhibit a 0.178s

(SE = 0.0254) decrease in overall demand for police, with a more pronounced reduction

of 0.244s (SE = 0.0303) for nonviolent scenarios. In contrast, the Government treatment

has no significant effect relative to the Control group, which received information about

unemployment.

Columns (4)–(8) examine heterogeneity across scenarios. The DCTP treatment yields

a nonsignificant 1.124 pp (SE = 0.759) increase in the preference for police in the “armed
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robbery” case, which indicates that respondents prioritize police intervention in high-stakes

situations regardless of exposure to the DCTP information. Conversely, the DCTP treatment

significantly reduces demand for police in the nonviolent scenarios: for “naked man” by

6.818 pp (SE = 1.640), for “suicidal ideation” by 17.01 pp (SE = 1.535), and for “disruptive

begging” by 2.602 pp (SE = 1.255). The 5.490 pp (SE = 1.186) decrease for the “screaming

woman” suggests a caveat in perceptions of police appropriateness in violent scenarios,

consistent with the widespread reluctance to call police in situations involving domestic vi-

olence (Iyengar, 2009). There is no strong evidence that the Government treatment changes

demand for police relative to that of the control group.

Moreover, the p-value for the effects of DCTP and Government allows us to reject the

null hypothesis of equality for the “screaming woman” scenario and the nonviolent scenar-

ios. These findings suggest that the DCTP information is more effective than the Govern-

ment information in reducing respondents’ demand for police when alternative options are

presented. This indicates that governments might consider naming interventions in a way

that makes clear police should not be the default option and that alternatives such as 988,

311, or 211 should be considered instead.

Preferred First Responders in Crises Table 3 investigates the impact of the information

treatments on preferences for who should respond in each scenario: police, a social worker,

or no one. The DCTP treatment significantly reduces the preference for a police response

in the “screaming woman” situation by 6.61 pp (SE = 1.71) and the nonviolent scenarios

“naked man” by 12.0 pp (SE = 2.20), “suicidal ideation” by 4.75 pp (SE = 1.74), and “dis-

ruptive begging” by 11.3 pp (SE = 1.92). In contrast, there is no significant change for the

“armed robbery” scenario.

Conversely, the DCTP treatment significantly increases the preference for a social

worker response in the nonviolent scenarios: “screaming woman” by 6.71 pp (SE = 1.56),

“naked man” by 11.4 pp (SE = 2.04), “suicidal ideation” by 4.71 pp (SE = 1.87), and “dis-

ruptive begging” by 14.6 pp (SE = 2.28). In contrast, there is no significant change under

the Government treatment in the preference for a social worker response for any of the sce-

narios. Finally, the near-zero coefficients for the “no one” category across both treatments

suggest that the information does not increase the desire for no response but rather leads

respondents to prefer that someone other than a police officer, particularly a social worker,

respond.
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TABLE 2. Impact of Information Treatments on Demand

(1) (2) (3) (4) (5) (6) (7) (8)
Police
Index

Violent
Index

Nonviolent
Index Robbery

Screaming
Woman

Naked
Man

Suicidal
Ideation

Disruptive
Begging

DCTP -0.178⇤⇤⇤ -0.0789⇤⇤ -0.244⇤⇤⇤ 1.124 -5.490⇤⇤⇤ -6.818⇤⇤⇤ -17.01⇤⇤⇤ -2.602⇤⇤

(0.0254) (0.0343) (0.0303) (0.759) (1.186) (1.640) (1.535) (1.255)

Government 0.0414 0.0504 0.0355 0.537 1.799⇤ 1.124 -1.084 3.051⇤⇤

(0.0255) (0.0345) (0.0306) (0.798) (1.090) (1.682) (1.569) (1.321)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Mean of Dep. 0.00 0.00 0.00 93.35 80.66 50.42 51.77 24.67
p-value:DCTP=Government 0.00 0.00 0.00 0.43 0.00 0.00 0.00 0.00
Observations 2745 2745 2745 2745 2745 2745 2745 2745

Notes: This table presents the impact of the Government and DCTP information treatments on the demand for police in each situation. The dependent
variable in columns (1)–(3) is a KLK index, i.e., a z-score that we compute by subtracting the control group’s mean and dividing by its standard
deviation. A higher score indicates greater demand for police. The dependent variable in columns (4)–(8) indicates the likelihood of calling the police
in the proposed situation (0–100). We report robust standard errors in parentheses. We report the mean of the dependent variable of the omitted
category, i.e., the control group, which is composed of individuals receiving information about different types of unemployment. * Significant at 10%;
** significant at 5%; *** significant at 1%.
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TABLE 3. Impact of Information Treatments on Preference for First Responders in Crises

(1) (2) (3) (4) (5)

Robbery
Screaming

Woman
Naked
Man

Suicidal
Ideation

Disruptive
Begging

A) Police

DCTP 0.00421 -0.0661⇤⇤⇤ -0.120⇤⇤⇤ -0.0475⇤⇤⇤ -0.113⇤⇤⇤

(0.00612) (0.0171) (0.0220) (0.0174) (0.0192)

Government 0.00582 0.0159 -0.0159 -0.00632 -0.00627
(0.00595) (0.0153) (0.0222) (0.0180) (0.0207)

Controls Yes Yes Yes Yes Yes
Mean of Dep. 0.98 0.87 0.56 0.21 0.29
p-value:DCTP=Government 0.77 0.00 0.00 0.02 0.00
Observations 2745 2745 2745 2745 2745

B) Social Worker

DCTP 0.00309 0.0671⇤⇤⇤ 0.114⇤⇤⇤ 0.0471⇤⇤ 0.146⇤⇤⇤

(0.00362) (0.0156) (0.0204) (0.0187) (0.0228)

Government 0.000251 -0.00616 -0.00110 -0.00480 0.0417⇤

(0.00301) (0.0137) (0.0194) (0.0195) (0.0230)

Controls Yes Yes Yes Yes Yes
Mean of Dep. 0.00 0.10 0.23 0.76 0.44
p-value:DCTP=Government 0.41 0.00 0.00 0.01 0.00
Observations 2745 2745 2745 2745 2745

C) No Responder

DCTP -0.00404 -0.00204 0.00337 -0.000691 -0.0297
(0.00462) (0.00830) (0.0189) (0.00870) (0.0202)

Government -0.00262 -0.00976 0.0171 0.0111 -0.0321
(0.00477) (0.00777) (0.0191) (0.00936) (0.0203)

Controls Yes Yes Yes Yes Yes
Mean of Dep. 0.01 0.03 0.21 0.04 0.27
p-value:DCTP=Government 0.73 0.31 0.47 0.21 0.91
Observations 2745 2745 2745 2745 2745

Notes: This table presents the impact of the Government and DCTP information treatments on the type of
first responder preferred for each situation: police, a social worker, or no one. The dependent variable is a
binary indicator equal to 1 if the respondent prefers the indicated type of first responder and 0 otherwise.
We report robust standard errors in parentheses. We report the mean of the dependent variable of the
omitted category, i.e., the control group, which is composed of individuals receiving information about
different types of unemployment. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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FIGURE 2. Impact of Information on Likelihood of Recurrence to Emergency Response Resources
A) Suicidal Ideation Scenario
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Notes: This figure shows the share of respondents who reported that they would dial 988 or 911 in the “suicidal ideation” and “robbery” scenarios,
differentiated by treatment arm (DCTP, Government, and Police Alternatives), in the follow-up survey administered one week after the baseline. We present
the differences between the treatment and control responses using Equation 1, with robust standard errors. p-values for the differences between DCTP and
Government coefficients are also reported. Each panel shows group means with 95% confidence intervals.
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Incentivized Follow-Up Survey Over 85% (2,342 respondents) of the initial sample par-

ticipated in the follow-up survey. Figure 2(A) shows that the DCTP treatment significantly

boosts the likelihood of dialing 988 in the “suicidal ideation” scenario, doubling the rate

from 9% to 17%. The decrease in likelihood of dialing 911 is more pronounced under

the DCTP treatment than under the Government treatment (21 vs. 16 pp, both p < 0.01).

Providing concrete alternatives and prompts sharply reduces 911 use. In contrast, respon-

dents overwhelmingly reported that they would dial 911 in the “armed robbery” scenario,

and virtually none of them said that they would dial 988, regardless of their knowledge of

alternatives (see Figure 2(B)).

3.4 Does Partisanship Matter?

Partisanship strongly shapes views on police alternatives and budget reallocations (Bursz-

tyn et al., 2023; Sances, 2023, 2025). Political ideology influences beliefs about law en-

forcement’s role (Ang and Tebes, 2024; Goncalves and Tuttle, 2024) and officer behavior

(Grosjean et al., 2022; Ba et al., 2025). Surveys consistently show that Republicans are

more supportive of police and more opposed to movements such as “Defund the Police”

and Black Lives Matter.9 Given these patterns, one might expect Republicans’ demand for

police services to be less responsive to new information about alternatives. This subsection

tests this hypothesis by examining how partisanship moderates individuals’ responsiveness

to informational cues.

Demand for Police Panel A of Table 4 shows the impact of the DCTP and Government

information treatments on demand for police, segmented by partisanship. The DCTP treat-

ment significantly reduces demand for police across all groups, with Democrats showing

a decrease of 0.199s (SE = 0.0366), Republicans a decrease of 0.180s (SE = 0.0425), and

independents a decrease of 0.173s (SE = 0.0607). This effect is even more pronounced for

the nonviolent scenarios, with reductions of 0.303s (SE = 0.0429) for Democrats, 0.252s

(SE = 0.0540) for Republicans, and 0.156s (SE = 0.0670) for independents.

In contrast, the Government treatment does not significantly change demand for police

in either the violent or the nonviolent scenarios among any partisan group. These results

indicate that the DCTP treatment effectively reduces demand for police, particularly in the

nonviolent scenarios, across all party affiliations. Interestingly, Republicans exhibit a no-

table decrease in demand, suggesting that when presented with alternatives, they may,

9See the 2021 PEW poll on police spending, 2021 Ipsos/USA Today, and 2023 PEW poll on BLM.
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similarly to Democrats, be receptive to reducing their reliance on police as first respon-

ders.10

Interest in dontcallthepolice.com We might conjecture that the domain name dont-

callthepolice.com would resonate more with liberals who support police reform or reduc-

tion but would deter conservatives who favor traditional law enforcement. To examine this

potential political divide, we analyze the effect of the information treatment on responses

to the two domain names, dontcallthepolice.com and 911alternatives.com, by respondent

partisanship. The results appear in Table 4 Panel B.

Democrats show a 45.1 pp (SE = 0.0310) increase in interest in the DCTP website after

information exposure. Republicans also exhibit a significant 42.2 pp (SE = 0.0323) rise,

in contrast to our expectations. Independents show a similar 46.8 pp (SE = 0.0435) in-

crease. Conversely, interest in the 911 alternatives website declines across all partisanship

categories post-treatment, with the declines ranging from 42.1 to 32.0 pp and being most

pronounced among Democrats. The Government information treatment does not signifi-

cantly shift interest in either site, with the near-zero coefficient values indicating uniform

responses irrespective of party affiliation. These findings suggest that the branding of dont-

callthepolice.com effectively discourages respondents from viewing the police as default

responders. Once individuals are informed about alternatives, there is a bipartisan shift to-

ward reliance on nonpolice resources in situations where substitutes exist. This underscores

the role of branding in shaping perceptions and the potential for information campaigns to

foster broad-based support for police alternatives. 11

10Table 8 examines treatment effects on demand for police by interacting information treatments with parti-
sanship. The DCTP treatment significantly reduces demand in the nonviolent “naked man,” “suicidal ideation,”
and “disruptive begging” scenarios. The coefficients on the interactions with partisanship (Democrat, No Party)
are generally insignificant and smaller than the main estimates, indicating that the treatment effects are con-
sistent across party affiliations.

11Table 9 interacts the treatments with partisanship. The DCTP treatment increases interest in dontcallthe-
police.com (col. 1), reduces interest in 911alternatives.com (col. 2), and lowers the share expressing no inter-
est in either site under the DCTP treatment. (col. 3). The interaction coefficients are generally insignificant,
indicating that effects do not differ meaningfully between Democrats and Republicans.
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TABLE 4. Role of Partisanship

Panel A: Demand for Police
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Police
Index

Democrat

Police
Index

Republican

Police
Index

No Party

Violent
Index

Democrat

Violent
Index

Republican

Violent
Index

No Party

Nonviolent
Index

Democrat

Nonviolent
Index

Republican

Nonviolent
Index

No Party

DCTP -0.199⇤⇤⇤ -0.180⇤⇤⇤ -0.173⇤⇤⇤ -0.0442 -0.0712 -0.200⇤⇤ -0.303⇤⇤⇤ -0.252⇤⇤⇤ -0.156⇤⇤

(0.0366) (0.0425) (0.0607) (0.0529) (0.0512) (0.0861) (0.0429) (0.0540) (0.0670)

Government 0.0441 0.0351 0.0335 0.0588 0.0557 0.00861 0.0343 0.0214 0.0500
(0.0359) (0.0434) (0.0640) (0.0496) (0.0541) (0.0918) (0.0435) (0.0554) (0.0686)

Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
p-value: DCTP = Government 0.00 0.00 0.00 0.03 0.02 0.02 0.00 0.00 0.00
Observations 1206 968 571 1206 968 571 1206 968 571

Panel B: Interest in Crisis Response Resources
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Interest in
DCTP

Website
Democrat

Interest in
DCTP

Website
Republican

Interest in
DCTP

Website
No Party

Interest in
911

Website
Democrat

Interest in
911

Website
Republican

Interest in
911

Website
No Party

No Interest
Website

Democrat

No Interest
Website

Republican

No Interest
Website
No Party

DCTP 0.451⇤⇤⇤ 0.422⇤⇤⇤ 0.468⇤⇤⇤ -0.421⇤⇤⇤ -0.320⇤⇤⇤ -0.358⇤⇤⇤ -0.0307⇤ -0.102⇤⇤⇤ -0.110⇤⇤⇤

(0.0310) (0.0323) (0.0435) (0.0322) (0.0371) (0.0474) (0.0161) (0.0296) (0.0354)

Government 0.000928 -0.0108 -0.0727⇤ 0.00485 0.0209 0.0266 -0.00578 -0.0101 0.0461
(0.0278) (0.0236) (0.0373) (0.0307) (0.0371) (0.0495) (0.0171) (0.0327) (0.0430)

Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Mean of Dep. 0.20 0.10 0.19 0.73 0.67 0.61 0.07 0.23 0.21
p-value: DCTP = Government 0.00 0.00 0.00 0.00 0.00 0.00 0.10 0.00 0.00
Observations 1206 968 571 1206 968 571 1206 968 571

Notes: Panel A presents the impact of the DCTP and Government information treatments on the demand for police by partisan affiliation. Each column shows the results for a
different subsample. The dependent variable is a KLK index, i.e., a z-score that we compute by subtracting the control group’s mean and dividing by its standard deviation.
A higher score indicates greater demand for police. The index captures the demand for police for the five scenarios, the violent scenarios (“armed robbery” and “screaming
woman”), and the nonviolent scenarios (“naked man,” “suicidal ideation,” and “disruptive begging”). The dependent variable indicates the likelihood of calling the police in
the proposed situation. We report robust standard errors in parentheses. Panel B presents the impact of the DCTP and Goverment information treatments on website interest.
Interest in alternative resources is gauged by engagement (or lack thereof) with the dontcallthepolice.com and 911alternatives.com websites. Note that although the websites
have different names, their content is identical. We report robust standard errors in parentheses. We report the mean of the dependent variable of the omitted category, i.e.,
individuals receiving information about different types of unemployment. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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3.5 Robustness and Additional Analysis

We assess the robustness of our results along several dimensions, including potential ex-

perimenter demand effects, within-subject variation, respondents’ confidence, subgroup

heterogeneity, and baseline police reliance. Across all checks, the main findings hold: The

DCTP treatment consistently reduces demand for police intervention in nonviolent crises

while leaving preferences over responses in violent scenarios largely unchanged. These

robustness results, along with multiple replications and extensions, are presented in the

Supplementary Material, which also details the iterative development of the experimental

design and additional evidence on mechanisms such as perceived danger and information

recall.

4. DIVERGING PREFERENCES: PUBLIC VS. LAW ENFORCEMENT PERSPECTIVES

The preceding sections show how information shifts public demand for police involvement.

However, public preferences reveal only one side of the crisis-response equation. Imple-

mentation depends on the attitudes of those charged with delivering public safety—law

enforcement personnel. Officers operate within institutions governed by distinct norms,

incentives, and constraints (Prendergast, 2003, 2007). Yet little is known about how they

view the appropriate scope of their role in (non)crisis response. Reformers must understand

these preferences to anticipate institutional resistance or alignment with their efforts.

4.1 Police Expert Survey

To address the gap in our knowledge of law enforcement’s own demand for police in-

volvement in crisis response and support for alternatives, we supplement our experimental

design with an expert survey of officers, following research that uses expert samples to

benchmark institutional preferences (DellaVigna and Pope, 2018). We fielded the survey

in January 2024 using contact information from the National Public Safety Information

Bureau (Goerger et al., 2023). Invitations were distributed via Qualtrics by the Duke Eco-

nomic Analytics Laboratory, with an initial email and three weekly reminders.12 The final

sample includes 378 law enforcement and correctional personnel who completed a uniform

version of the survey, with no randomization or exposure to specific policy interventions.

12We sent all emails from informing.policy.research@duke.edu to avoid priming effects. The principal inves-
tigator’s Black-sounding name could impact the response rate (Bertrand and Mullainathan, 2004; Kline et al.,
2022), especially among providers of local public services in the US (Giulietti et al., 2017).
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To benchmark the officer responses, we fielded the same survey to a civilian sample re-

cruited via Prolific, also in January 2024. This group’s responses closely mirrored those of

our experimental control condition, so it provides a credible basis for comparison.

4.2 Public and Law Enforcement Divide on Alternative Response

Average Demand for Police and Support for Alternatives The top panel of Figure 3

presents the respondent’s likelihood of preferring a police response across our five scenarios

for law enforcement officers, Republicans, Democrats, and independents. For serious situa-

tions such as robbery, support for police intervention is nearly universal—99.8% among the

officers, 95.6% among the Republicans, 93.4% among the Democrats, and 89.6% among

the independents. However, stark differences emerge for the more socially sensitive or am-

biguous cases. For instance, 82.2% of the officers prefer a police response in the “naked

man” scenario, while 62.5% of the Republicans, 41.9% of the Democrats, and 47.3% of

the independents do so. Similarly lopsided preferences for a police response appear for

“suicidal ideation” (71.9% for officers vs. 61.2%, 47.0%, and 45.6% for the other groups)

and “disruptive begging” (48.4% vs. 30.1%, 20.5%, and 23.8%). Across all the scenarios,

law enforcement officers consistently express the highest preference for involving police,

while civilians—especially Democrats and independents—are more selective.

These patterns reveal a consistent gap between law enforcement’s and the public’s

preferences. Even among Republicans (the civilian group most supportive of police), de-

mand for police, particularly for nonviolent incidents, falls well short of officers’ preferred

levels. This divergence suggests some potential value of civilian-led or police–civilian co-

response alternatives that better reflect public expectations and reduce the risks of armed

intervention.

The bottom panel further illustrates these tensions using engagement data for the two

websites on nonpolice alternatives. When the site was labeled “911 Alternatives,” 55.8% of

the law enforcement officers clicked through, but when the same content appeared under

“Don’t Call the Police,” just 2.6% of the officers clicked. For Republicans, the difference in

engagement between the two sites is similar, though less stark. In contrast, for Democrats

and independents, engagement across both sites is relatively high. Notably, 41.5% of the of-

ficers showed no interest in either site—the highest rate across all groups. In short, officers

are more responsive to neutral framing but remain resistant to framing that discourages

reliance on police. Engagement among civilians, particularly Democrats and independents,

is both higher and stabler across both rhetorical frames.
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FIGURE 3. Diverging Views on Crisis Response: Law Enforcement vs. Public

A) Likelihood of Calling the Police Across Crisis Scenarios
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B) Engagement with Alternative Emergency Response Websites
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Notes: Panel A reports the share of respondents who indicated they would call the police across the five

scenarios. Respondents include law enforcement personnel (expert survey) and civilians (experimental control

sample), broken out by party affiliation (Republican, Democrat, and independent). Panel B displays rates

of click-through to two real websites promoting alternative emergency response models: “911 Alternatives”

(neutral framing) and “Don’t Call the Police.” The “No Interest” category reflects respondents who declined to

engage with either site. Each panel shows group means with 95% confidence intervals.
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Distributional Variations Figure 4 presents the full distribution of respondents’ likelihood

of calling the police across our five scenarios. For “armed robbery,” the responses are highly

concentrated near 100 across all groups, law enforcement and civilians alike. This scenario

stands out as the only one for which preferences on the type of response are tightly aligned.

FIGURE 4. Density of Demand for Police: Law Enforcement vs. Public
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Notes: Figure shows kernel density estimates of respondents’ likelihood of calling the police across five sce-
narios. Respondents include law enforcement personnel (expert survey) and civilians (experimental control
sample), broken out by party affiliation (Republicans, Democrats, and independents). Densities are based on
the respondents’ self-reported likelihood (0-–100 scale) of calling the police.

We observe the sharpest mismatches for the “woman screaming” and “naked man”

scenarios. Law enforcement officers’ propensities overwhelmingly cluster near 100, consis-

tent with their professional incentives emphasizing intervention. The civilians’ propensities,
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particularly those of Democrats and independents, are far more diffuse, spanning the full

range from 0 to 100. The preference for a police response in the “suicidal ideation” scenario

falls in between, and the groups display internal disagreement. The officer responses are

bimodal, split between moderate and high likelihoods, while the responses from civilians

are widely dispersed.

Across all groups, support for a police response is lowest for the “disruptive begging”

scenario. Civilians’ responses are concentrated at the low end of the scale, indicating broad

reluctance to involve police in poverty-related incidents. The officers’ responses are flatter

and more uniform, reflecting less internal agreement but also a lack of consensus pref-

erence for a law enforcement response. While still reflecting divergence, this scenario is

characterized by the closest alignment between officer and civilian preferences. Across all

cases, Republicans’ preferences consistently fall between those of officers and other civil-

ians. The officer—-civilian gap is largest for the “woman screaming” and “naked man” sce-

narios, more moderate for the “suicidal ideation” scenario, and narrowest for “disruptive

begging” scenario.

5. STAKEHOLDERS’ RESPONSES TO OUR FINDINGS

The divergence we have identified between public opinion and law enforcement prefer-

ences raises a key issue in the economics of public service delivery: Whose preferences

shape reform? While public backing is essential for institutional change, it often proves in-

sufficient when frontline actors hold divergent views or face misaligned incentives (Pren-

dergast, 2001, 2021). Law enforcement personnel, in particular, are not merely passive

executors of public policy, but institutional stakeholders whose attitudes, interests, and

professional norms can shape or constrain the implementation of reforms (Hjort et al.,

2021).

This section applies this institutional lens to pursue two complementary objectives.

First, we conducted a field experiment to measure how stakeholders respond to different

framings of police alternatives. We compared engagement with emails referencing “911al-

ternatives.com” versus “dontcallthepolice.com,” with both linking to identical content.13

Second, we conducted in-depth interviews to examine how stakeholders interpret reform

narratives, evaluate the DCTP framing, and articulate their perceptions of police alterna-

tives.

13The experimental design and additional results are detailed in the Supplementary Material.
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5.1 Field Experiment on Stakeholder Engagement

Experimental Design and Sample Our preregistered experiment (AEARCTR-0013061)

ran from February to March 2024. We compiled contacts from law enforcement and cor-

rectional facilities (from the National Public Safety Information Bureau), Department of

Justice (DOJ) grantees (from public records), and local officials (from online resources).

After we removed invalid addresses, our sample included 45,163 stakeholders across law

enforcement agencies, sheriff and detention facilities, other law enforcement entities, local

officials, and DOJ grantees.

We randomized counties to receive emails with subject lines mentioning either “911al-

ternatives.com” or “dontcallthepolice.com.” The emails summarized our finding that inform-

ing the public about dontcallthepolice.com resources reduced respondents’ stated likeli-

hood of calling police for nonviolent encounters. Recipients could request our research

report by clicking a link or replying affirmatively. We then invited them to give feedback in

an interview. Our main analysis focuses on the 11,623 recipients who opened emails across

2,368 counties.

A key feature of the design is that the outcome—whether recipients clicked for addi-

tional information—is an observed behavioral response rather than a self-reported attitude,

which reinforces the external validity of our findings by capturing an actual information-

acquisition decision.

Empirical Specification We analyze the impact of the DCTP subject line relative to the

effect of the 911 alternatives subject line on the response rate using:

Sendi = b0 + bDDCTPurl
i + bPPolicestakeholder

i

+ bDPPolicestakeholder
i · DCTPurl

i + X0
i g + ei. (2)

Our main outcome Sendi equals one if the respondent wanted to receive information about

the study and zero otherwise. The variable DCTPurl
i is a binary variable that equals one if

the respondent received the dontcallthepolice.com subject line and zero otherwise. The vari-

able Policestakeholder
i equals one if the respondent is in a police agency and zero otherwise.

In addition, Xi includes state fixed effects and controls for respondent type and county co-

variates. We cluster the standard errors at the county level, the level of randomization. The

main variable of interest is the interaction between Policestakeholder
i and DCTPurl

i , with the
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coefficient bDP capturing whether contacts in police departments were more or less likely

to request information on police alternatives when exposed to the DCTP subject line.14

TABLE 5. Impact of DCTP on Stakeholders’ Willingness to Learn About Police Alternatives

(1) (2) (3) (4)
Send

Information
Send

Information
Send

Information
Send

Information

DCTP 0.00919⇤⇤ 0.00195 0.00815⇤⇤ 0.000736

(0.00422) (0.00497) (0.00409) (0.00479)

Police -0.00486 -0.0213⇤⇤⇤ -0.00504 -0.0219⇤⇤⇤

(0.00488) (0.00578) (0.00496) (0.00600)

DCTP ⇥ Police 0.0305⇤⇤⇤ 0.0312⇤⇤⇤

(0.00939) (0.00945)

Controls No No Yes Yes

Mean of 911 Alternatives 0.05 0.05 0.05 0.05

Observations 11623 11623 11623 11623

Notes: This table presents the impact of assignment to the DCTP subject line on the respondent’s
likelihood of responding and being willing to receive information about public openness to police
alternatives, broken down by police status. The dependent variable, “Send Information,” equals
one if the respondent wanted to receive information about the study and zero otherwise. We
report the mean of the dependent variable for the omitted category, i.e., the control group, which
includes respondents assigned to the 911 alternatives subject line who are not police. We report
standard errors clustered at the county level in parentheses. * Significant at 10%; ** significant at
5%; *** significant at 1%.

Main Results Our analysis yields two key findings:

First, we find a counterintuitive pattern of stakeholder engagement. Table 5 shows

that while the dontcallthepolice.com subject line had negligible effects on nonpolice stake-

holders, police respondents were initially 2 pp less likely to request additional information

(p < 0.01) in the 911alternatives.com condition yet 3.12 pp (p < 0.01) likelier to engage

with the DCTP framing. We interpret this differential response as revealing police officers’

sensitivity to how alternative response models are framed, with the provocative “Don’t Call

14We also report the results without the interaction as a benchmark for Eq. 2. Table 10 presents summary
statistics by treatment arm.
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the Police” terminology paradoxically generating higher engagement than the neutral ”911

alternatives” phrasing.15

Second, Table 6 shows a clear divide between attitudes and engagement. For perceived

usefulness of police alternatives (columns (1)–(4)), neither the DCTP framing nor police

status had a significant effect, either alone or in interaction. In contrast, for interview will-

ingness (columns (5)–(8)), the DCTP framing increased the willingness to receive informa-

tion by 17.1–17.2 pp (p < 0.05), and police status increased it by 28.9–31.7 pp (p < 0.01),

but the coefficient on their interaction is negative (�32.1 to �35.9 pp, p < 0.05), nearly

offsetting the main effects. This suggests the DCTP framing engaged civilians and police

individually but police were less willing to participate when approached through the ter-

minology of DCTP. The absence of opinion shifts alongside the large participation effects

indicates that the DCTP frame influenced engagement, but not attitudes. To better un-

derstand how stakeholders interpreted the different framings and what motivated their

responses, we conducted interviews with participants from our field experiment.

5.2 Qualitative Interviews with Stakeholders

This subsection uses in-depth, semistructured interviews to complement our survey and

field experiments (Finkelstein et al., 2021; Bergman et al., 2024). Interviews offers two

key advantages: They provide insights into unobservable factors, such as perceptions, mo-

tivations, and thought processes, and they allow us to probe comparative perceptions of

the DCTP and 911 alternatives framing.

We invited respondents who had requested the study’s summary report to provide feed-

back through interviews with the Duke Economic Analytics Laboratory. Of 150 volunteers,

60 were interviewed by four research assistants. Sessions averaged 47 minutes (with a

range of 17 minutes to over 2 hours). We interviewed all who opted in, and we are con-

fident that we reached theoretical saturation—the point at which no new information or

themes emerge in the data, a conceptual yardstick for when a “sufficient” number of inter-

views have been completed (Guest et al., 2006).16

15The Supplementary Material provides additional results. The effect of the DCTP subject line was stronger
in counties facing greater sociopolitical pressure—especially those with high “Defund the Police” search inten-
sity, higher crime and unemployment rates, and Democrat-leaning electorates.

16For context, 60 interviews is roughly the media in studies published across several American Sociological
Association–sponsored journals (Deterding and Waters, 2021). Boyd and DeLuca (2017) classify studies with
50 or more interviews per fielding period as large-N.
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The interviews covered participants’ motivations, associations with the DCTP and 911

alternatives frames, and reactions to our findings on bipartisan responsiveness to informa-

tion about police alternatives. Transcripts were cleaned and coded to identify emergent

and unexpected patterns (Glaser and Strauss, 1967; Timmermans and Tavory, 2012). In-

tercoder reliability was validated for the structured questions.17 The following subsections

examine stakeholders’ motivations for participating in the interviews and evaluate their

perceptions of police alternatives.

5.2.1 Why Participate in an Interview? We first identify the reasons respondents partici-

pated in our in-depth interviews.

Reason 1: Learn About the Study Results. — Respondents participated in interviews

out of either open curiosity or opposition, and their perceptions of the study’s legitimacy

varied. Many emphasized a desire to learn, viewing policing as an evolving practice and

valuing academic research as a means of identifying best practices. A department chief

noted, “our law enforcement profession is always changing and evolving.... I’m always

trying to stay up on all the latest trends and what best practices are” (2024 April 25).

Reason 2: Inform the Study. — Beyond learning, participants wanted to inform. They

highlighted their expertise on policing and public safety—obtained on the job or as part-

ners or policymakers—to contribute to the study’s findings. A DOJ grantee described how

this study “lined up with a lot of the work that we do in our state” and so “thought it would

be a good opportunity to hopefully learn from you all, and also help inform some of the

work that you’re doing” (2024 May 10). Stakeholders further sought to publicize “first-of-

their-kind” programs within their jurisdictions, such as various co-responder models, crisis

intervention programs, and counselor programs on university campuses. Several partici-

pants also highlighted their own academic backgrounds as teachers or master’s students as

reasons for participation.

17Further details on sampling, recruitment, and analysis are provided in the Supplementary Material.
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TABLE 6. Impact of DCTP on Opinion on Police Alternatives and Willingness to Be Interviewed

(1) (2) (3) (4) (5) (6) (7) (8)
Police Alt.

Useful
Police Alt.

Useful
Police Alt.

Useful
Police Alt.

Useful
Agree to
Interview

Agree to
Interview

Agree to
Interview

Agree to
Interview

DCTP -0.0187 -0.0290 -0.0120 -0.0282 0.101 0.171⇤⇤ 0.106 0.172⇤⇤

(0.0296) (0.0337) (0.0309) (0.0348) (0.0630) (0.0713) (0.0668) (0.0777)

Police 0.0202 -0.0116 0.0307 -0.0171 0.0980 0.317⇤⇤⇤ 0.0944 0.289⇤⇤⇤

(0.0337) (0.0584) (0.0290) (0.0533) (0.0819) (0.104) (0.0832) (0.109)

DCTP⇥Police 0.0523 0.0790 -0.359⇤⇤ -0.321⇤⇤

(0.0712) (0.0697) (0.152) (0.155)

Controls No No Yes Yes No No Yes Yes
Mean of 911 Alternatives 0.93 0.93 0.93 0.93 0.69 0.69 0.69 0.69
Observations 236 236 236 236 236 236 236 236

Notes: This table presents the impact of assignment to the DCTP subject line on respondents’ opinions about police alternatives and their willing-
ness to be interviewed, categorized by police status. The dependent variable, “Police Alt. Useful,” in columns (1)–(4), equals one if the respondent
finds police alternatives useful and zero otherwise. The dependent variable in columns (5)–(8), “Agree for Interview,” equals one if the respondent
agreed to a one-hour interview to share her opinion and zero otherwise. We report the mean of the dependent variable for the omitted category,
i.e., the control group, which includes respondents assigned to the 911 alternatives subject line who are not police. We report standard errors
clustered at the county level in parentheses. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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5.2.2 Perceptions of Police Alternatives

Immediate Reactions We gauged participants’ perceptions of police alternatives through

two exercises. First, they identified up to three words or phrases associated with DCTP

and three with 911 alternatives, beginning with their assigned condition. Figure 5 presents

word clouds of their responses, sized by frequency and colored by stakeholder. Stakehold-

ers across groups identified negative words such as “distrust” and “fear” more often in

response to DCTP than to 911 alternatives, whose associations were dominated by “men-

tal health.” In response to DCTP, police stakeholders’ words were generally more negative

than those of nonpolice stakeholders, whose terms were more mixed in sentiment (e.g.,

concerning,” disconnect,” embarassment,” don’t,” and others colored in red vs. people of

color,” safety, diffused fear,” doing what’s right,” and others colored in black). As shown

in the Supplementary Material, manual coding of each word in context confirms these

patterns.

Explanations of Perceptions We then analyzed explanations for these words using a

grounded theory approach (Glaser and Strauss, 1967; Charmaz, 2006).18 Stakeholders as-

sociated police alternatives with specific intervention models, best-trained responders, and

budgetary efficiency. By mentioning minority groups more frequently, they also understood

DCTP more often through a racialized lens. Police stakeholders (28% for to DCTP vs. 2%

for 911 alternatives) highlighted trust, fear, and other issues tied to racialized communities

more often than nonpolice stakeholders (14% for DCTP vs. 2% for 911 alternatives).

18Code definitions and frequencies are provided in the Supplementary Material.
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FIGURE 5. Words Associated by Stakeholders with Each Treatment Arm
(a) 911 Alternatives (b) Don’t Call the Police

Notes: These two word clouds show the words that interview participants identified in response to the question: “Name three words that you associate with [911
Alternatives/DCTP].” Participants were asked for their response to both framings, starting with the one in the subject line of the email that they received. Participants
identified a total of 316 words/phrases, as not every respondent offered three. We standardized the words by collapsing synonyms to their root words (e.g., “mental
health professional” and “mental health services” were coded as “mental health”), which yielded a total of 271 words. Larger words were identified more often.
Words are colored by stakeholder group: Blue words were identified by police and nonpolice participants, red words by police stakeholders only, and black words
by nonpolice stakeholders only.

33



Support for 911 Alternatives The broad definition of “911 alternatives” led stakehold-

ers to group many programs under its banner. For instance, each of the following was

mentioned as a 911 alternative: major retailers deputizing asset protection officers for

shoplifting enforcement (2024 April 26), hospitals hiring their own law enforcement for

involuntarily committed patients (2024 May 6), drivers coordinating with private com-

panies to document automobile accidents (2024 April 26), and even community policing

(e.g., 2024 May 08).19 Despite the ambiguity about what constitutes a 911 alternative,

respondents consistently listed the following reasons:

1. Reducing Police Overload: Many argued that 911 alternatives could reduce police work-

loads by handling nonemergency calls, freeing officers to focus on more critical tasks.

A stakeholder explained, “If a police officer is not spending 90 minutes taking a stolen

auto or working a burglary, they can apply their attention and their energies in the

areas that are more important” (2024 April 18). The interviewee noted that the case

outcome would likely be the same regardless of whether a rookie, veteran, or private

officer filed the report.

2. Partitioning Expertise: The stakeholders valued labor specialization, arguing that po-

lice should focus on criminal activities while trained professionals should handle other

issues. One stakeholder explained how attending trainings does not equate to having

professional expertise: “We can go through a 40-hour class and learn alternative mea-

sures to be able to talk to somebody that’s in crisis, but that doesn’t make us a mental

health professional—and so we need to find alternative ways to respond to those”

(2024 April 19).

3. Avoiding Escalation: The interviewees noted that the presence of police can exacerbate

situations, such as mental health crises, and believed the availability of alternatives

would reduce such risks. Several stakeholders raised the scenario of suicide-by-cop

and suggested that nonpolice forms of crisis response would reduce the likelihood of

lethal outcomes.

Skepticism Toward DCTP The participants were skeptical of the DCTP framing due to its

negative connotations and practical concerns. They associated DCTP with defunding the

police: “In general, ‘don’t call the police’ sounds a lot to me like ‘defund the police,’ and

a belief that the police are bad or have bad intentions” (2024 April 30). Several warned

that the DCTP framing would “demonize” or “vilify” the police (2024 May 13), and confuse

the public, leading to inappropriate or inadequate emergency responses. Others cautioned

19Research has shown that police often support community policing initiatives as a strategy for resisting
broader institutional reforms (Cheng, 2022).
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against placing community members—who lack expertise—into the decision-making role:

“[DCTP] puts the wrong decision-makers with insufficient information in the position of

making decisions that they’re not prepared to make” (2024 April 17). Many preferred im-

proving the training of 911 operators or reframing DCTP as a collaborative police initiative.

6. CONCLUSION

After George Floyd’s death, momentum surged behind efforts to reduce police involvement

in nonviolent crises and expand community-based alternatives. Despite evidence of their

cost-effectiveness and widespread advocacy, institutional adoption of such alternatives has

remained limited (Dee and Pyne, 2022; Davis et al., 2024; Ba et al., 2025). This paper

investigates whether this slow uptake reflects weak public demand, information gaps, or

stakeholder resistance—and tests whether better information can overcome these barriers.

Using a nationally representative survey experiment, we find that exposure to informa-

tion about alternative responses significantly reduces support for police responses in non-

violent scenarios, with effects that are both bipartisan and durable. Treated respondents,

regardless of party affiliation, showed improved recall of mental health crisis resources

and expressed strong support for alternative forms of response. However, our parallel sur-

vey of law enforcement experts revealed a critical institutional constraint: Officers strongly

preferred police intervention across all scenarios and showed little support for police al-

ternatives, particularly those they associated with reform movements. In-depth interviews

further documented the extent of this institutional skepticism, with officers associating al-

ternative responses with the “Defund the Police” movement and expressing concerns that

the “Don’t Call the Police” framing would give rise to operational confusion in crisis re-

sponses.

These findings expose the core coordination challenge facing police response reform.

While public opinion can be malleable and responsive to information, sustainable im-

plementation requires cooperation from law enforcement agencies whose institutional

preferences create persistent resistance. The distributional analysis reinforces this chal-

lenge: Civilians show convergent support for alternatives in appropriate scenarios, but

the professional–civilian divide in preferences impedes implementation. Effective reform

demands reframing to address law enforcement’s concerns about operational clarity and

political signaling, combined with implementation approaches that work with rather than

against institutional incentives.
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TABLE 7. Sample Characteristics: US Population vs Prolific

US Population Prolific Sample

Age 45 47.86
Black 0.12 0.19
Hispanic 0.16 0.06
Other Race 0.07 0.14
Male 0.49 0.45
High School or Less 0.24 0.14
Some College 0.20 0.22
Graduate Degree 0.14 0.20
No Party 0.29 0.21
Democrat 0.31 0.44
High Income 0.22 0.20
Low Income 0.14 0.13
Single 0.34 0.33
Observations – 2745

Notes: This table displays demographic statistics for the overall
US population and compares it to the characteristics of the survey
respondents. National statistics on age, race, gender, education,
party affiliation and socioeconomic status come from ACS 2022
and the IPUMS CPS dataset for 2022.
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TABLE 8. Impact of Information Treatments on Demand for Police by Partisanship

(1) (2) (3) (4) (5) (6) (7) (8)
Police
Index

Violent
Index

Nonviolent
Index Robbery

Screaming
Woman

Naked
Man

Suicidal
Ideation

Disruptive
Begging

DCTP -0.174⇤⇤⇤ -0.0654 -0.247⇤⇤⇤ 0.784 -4.350⇤⇤ -7.105⇤⇤ -17.99⇤⇤⇤ -1.842
(0.0428) (0.0509) (0.0544) (0.940) (2.013) (2.837) (2.722) (2.318)

Government 0.0411 0.0679 0.0233 0.0970 3.277⇤ -2.459 -2.207 5.494⇤⇤

(0.0431) (0.0541) (0.0552) (1.155) (1.848) (2.904) (2.765) (2.478)

DCTP⇥Democrat -0.0203 0.0243 -0.0500 0.992 -0.131 -1.527 -1.605 -1.896
(0.0563) (0.0730) (0.0693) (1.486) (2.672) (3.719) (3.506) (2.886)

Government⇥Democrat 0.00305 -0.00788 0.0103 0.417 -0.964 5.264 0.469 -3.318
(0.0560) (0.0729) (0.0703) (1.616) (2.418) (3.804) (3.570) (3.058)

DCTP⇥No Party 0.0157 -0.104 0.0955 0.0934 -5.350 4.004 7.141⇤ -0.343
(0.0737) (0.0999) (0.0854) (2.389) (3.323) (4.581) (4.285) (3.606)

Government⇥No Party -0.00544 -0.0461 0.0217 1.826 -4.801 5.584 3.684 -5.091
(0.0759) (0.106) (0.0866) (2.561) (3.141) (4.730) (4.451) (3.797)

Democrat -0.110⇤⇤⇤ 0.122⇤⇤ -0.265⇤⇤⇤ 1.137 4.603⇤⇤ -14.66⇤⇤⇤ -8.188⇤⇤⇤ -5.557⇤⇤⇤

(0.0410) (0.0521) (0.0507) (1.138) (1.791) (2.771) (2.554) (2.114)

No Party -0.138⇤⇤ -0.0173 -0.218⇤⇤⇤ -3.099⇤ 3.345 -10.09⇤⇤⇤ -10.37⇤⇤⇤ -3.187
(0.0537) (0.0726) (0.0612) (1.811) (2.213) (3.304) (3.121) (2.568)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Mean of Dep. -0.10 0.00 -0.16 93.37 80.74 41.92 46.96 20.54
Observations 2745 2745 2745 2745 2745 2745 2745 2745

Notes: This table presents the impact of the Government and DCTP information treatments on the demand for police in each situation by partisan
affiliation. The dependent variable in columns (1)–(3) is a KLK index, i.e., a z-score that we compute by subtracting the control group’s mean
and dividing by its standard deviation. A higher score indicates greater demand for police. The dependent variable in columns (4)–(8) indicates
the likelihood of calling the police in the proposed situation (0–100). We report robust standard errors in parentheses. We report the mean
of the dependent variable of the omitted category, i.e., the control group, which is composed of Republican individuals receiving information
about different types of unemployment. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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TABLE 9. Impact of Information Treatments on Interest in Website Detailing Police Alternatives, by
Partisanship

(1) (2) (3)
Interest in

DCTP
Website

Democrat

Interest in
911

Website
Democrat

No Interest
Website

Democrat

DCTP 0.415⇤⇤⇤ -0.312⇤⇤⇤ -0.103⇤⇤⇤

(0.0326) (0.0372) (0.0296)

Government -0.0167 0.0297 -0.0130
(0.0236) (0.0370) (0.0326)

DCTP⇥Democrat 0.0346 -0.106⇤⇤ 0.0712⇤⇤

(0.0449) (0.0490) (0.0338)

Government⇥Democrat 0.0210 -0.0261 0.00505
(0.0363) (0.0481) (0.0369)

DCTP⇥No Party 0.0480 -0.0264 -0.0216
(0.0542) (0.0598) (0.0453)

Government⇥No Party -0.0651 0.0190 0.0461
(0.0436) (0.0619) (0.0536)

Democrat 0.0636⇤⇤ 0.0856⇤⇤ -0.149⇤⇤⇤

(0.0263) (0.0345) (0.0267)

No Party 0.0631⇤ -0.0293 -0.0338
(0.0326) (0.0441) (0.0373)

Controls Yes Yes Yes
Mean of Dep. 0.20 0.73 0.07
Observations 2745 2745 2745

Notes: This table presents the impact of the DCTP and Goverment infor-
mation treatments on website interest. Interest in alternative resources is
gauged by engagement (or lack thereof) with the dontcallthepolice.com and
911alternatives.com websites by partisanship. Note that although the web-
sites have different names, their content is identical. We report robust stan-
dard errors in parentheses. We report the mean of the dependent variable
of the omitted category, i.e., individuals receiving information about differ-
ent types of unemployment. * Significant at 10%; ** significant at 5%; ***
significant at 1%.
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TABLE 10. Summary Statistics by Treatment Arm

(1) (2) (3) (4)
All 911 Don’t Call p-value

Alternatives the Police

Share Black 0.11 0.11 0.11 0.37
Share Hispanic 0.13 0.12 0.14 0.22
Share Other Race 0.08 0.07 0.08 0.15
Unemployment Rate 0.05 0.05 0.05 0.21
Share Republican 0.45 0.46 0.45 0.30
Urban 0.84 0.83 0.85 0.29
Murders per 100K 5.27 5.56 5.01 0.32
Violent Crimes per 1,000 3.01 3.18 2.87 0.31
Property Crimes per 1,000 15.22 15.35 15.11 0.80
Police per 1,000 2.25 2.29 2.21 0.72
Police Killings per 100K 0.33 0.35 0.31 0.24
High Search of Defund 0.58 0.58 0.57 0.67
Police 0.24 0.23 0.24 0.42
F-test - - - 0.23
Observations 11623 5457 6166 11623

Notes: The table presents descriptive statistics by treatment arm for respondents who
opened the email. Column (1) provides the mean level of each variable for the full
sample. Columns (2)–(3) report the mean level of each variable by treatment arm.
Column (4) reports the p-value from a test of the hypothesis of equal means across
the experimental conditions. We cluster the standard errors at county level to test the
differences in means.
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ONLINE APPENDIX — Supplementary Material

APPENDIX A: VIDEO TRANSCRIPTS AND EXPERIMENTAL SCENARIOS

This section presents the transcripts of the informational videos (A.1) and the descriptions

of the crisis scenarios shown to respondents (A.2).

A.1 Video Transcripts

Control — Link to the video: Control Video

Narrator: Let’s talk about unemployment. It’s a term we hear a lot, but what does it really mean?

Narrator: Unemployment is a measure of the number of people who are willing and able to work

but cannot find employment. Its expressed as a percentage of the total labor force. In order to

understand unemployment, then, we must first consider who is part of the labor force.

Narrator: First, we have the employed. These are individuals who have jobs, whether they are

working full-time, part-time or are self-employed. They are actively contributing to the economy by

providing goods and services.

Narrator: The labor force also includes the unemployed: those who are willing and able to work

but currently don’t have jobs.

Narrator: They are actively seeking employment and are available for work. Note, importantly,

that this means the unemployment rate does not include those who are of working age and don’t

have jobs and are not actively seeking employment.

Narrator: Now let’s discuss the various types of unemployment. Frictional unemployment is when

someone is in between jobs. It’s a temporary type of unemployment. Cyclical unemployment is

when there is a downturn in the economy. This type of unemployment is more long term. Then,

there is structural unemployment, when there is a mismatch between the skills of jobseekers and

the available jobs.

Narrator: Unemployment varies over time depending on the health of the US economy. This

graph from the US BLS [Bureau of Labor Statistics] displays the unemployment rate in the US from

2004 to 2024. Peaks of unemployment rates occur during economic recessions. During the recent

COVID pandemic, the unemployment rate peaked at 14.8% but has since decreased to around 4%

as the economy recovered.

Narrator: Now let’s talk about unemployment benefits. These are financial benefits provided to

those who are unemployed. The purpose is to provide temporary financial assistance for those who

are actively seeking work. Applying for unemployment benefits is a process that differs from state

to state. In general, you will need to file paperwork, including personal identifying information,

previous place and duration of employment, and provide evidence that you are actively seeking

employment. More information specific to each state can be found on government resources online.
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Narrator: So if you are experiencing frictional, cyclical or structural unemployment, there are

resources to help you during this time!

Government — Link to the video: Government Alternatives Video

Narrator: Let’s take a moment to understand the purpose and significance of three important

hotlines: 988, 211, and 311.

Narrator: 988—the Suicide Prevention Hotline. 988 is a lifeline for those facing mental health

challenges. By dialing 988, individuals can connect with compassionate professionals who provide

immediate support and guidance, helping navigate the complexities of mental health crises.

Narrator: 211—the Community Assistance Hotline. 211 is a gateway to vital resources. Dialing

211 connects you with trained experts who offer guidance, referrals, and information on a range

of community-based services such as housing, food assistance, employment, and mental health

support.

Narrator: 311—the City Services Hotline. 311 is your link to local assistance. When you dial 311,

knowledgeable representatives provide information and support regarding city services, regula-

tions, and resources. They can address concerns related to public works, sanitation, transportation,

and more.

Narrator: These hotlines are crucial government resources which can be utilized whenever

needed.

Video title appears on screen: “988, 211, 311: hotlines for support and assistance.”

Commercial clips

Don’t Call the Police — Link to the video: Don’t Call the Police Video

Narrator: In the United States, police are generally used as the default response to emergencies

and community issues. But did you know that only 10% of calls to the police involve violent crimes?

In fact, for most situations, there are better ways to address the issue at hand.

Narrator: For example, the website, “Don’t Call the Police dot com,” is a database of community-

based resources that can be used as alternatives to calling the police or 911 when faced with a

situation that requires de-escalation, intervention, or community support and can best be managed

by an unarmed crisis response provider.

Narrator: Don’t Call the Police dot com’s resources are organized by city and focus on organiza-

tions that provide emergency or crisis services related to housing, mental health, LGBTQ+ issues,

domestic violence, youth, elders, substance abuse, and crime victim services. Every resource on the

site is vetted for its policies related to police involvement in order to minimize law enforcement

interaction. Calling these resources allows people in crisis to connect with trained volunteers, social

workers, and people trained in nonviolent crisis intervention. By redirecting your calls to these spe-

cialized organizations whenever possible, you can help make your community safer and healthier

without the risk of violence or unnecessary law enforcement interaction.
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Narrator: In addition to Don’t Call the Police dot com, the government provides alternatives to

police that can be useful in nonviolent situations.

Narrator: Let’s take a moment to understand the purpose and significance of three important

hotlines: 988, 211, and 311.

Narrator: 988—the Suicide Prevention Hotline. 988 is a lifeline for those facing mental health

challenges. By dialing 988, individuals can connect with compassionate professionals who provide

immediate support and guidance, helping navigate the complexities of mental health crises.

Narrator: 211—the Community Assistance Hotline. 211 is a gateway to vital resources. Dialing

211 connects you with trained experts who offer guidance, referrals, and information on a range

of community-based services, such as housing, food assistance, employment, and mental health

support.

Narrator: 311—the City Services Hotline. 311 is your link to local assistance. When you dial 311,

knowledgeable representatives provide information and support regarding city services, regula-

tions, and resources. They can address concerns related to public works, sanitation, transportation,

and more.

Narrator: These hotlines are crucial government resources which can be utilized whenever

needed.

Narrator: Video title appears on screen: “988, 211, 311: hotlines for support and assistance.”

We also refer to the Government treatment as an active control; this design ensures all

participants received relevant information, though specifics varied. Unlike a pure control

setup, it allows detection of belief changes not only among those with initial misconcep-

tions but also among those with accurate prior beliefs, enabling estimation of the average

causal impact of beliefs across a wider demographic (Roth et al., 2022; Haaland et al.,

2023).

A.2 Scenarios

Crime Original story from Mapping Police Violence: “Officers responded to a report of an armed

robbery at a jewelry store. The incident was reported about 12:15 p.m. Officers found a woman in a

waiting vehicle and took her into custody. A search began for two men. Police shot and killed Vondarrow

Dewayne Fisher when he failed to follow orders. Details as to what precipitated the killing were withheld

by police.”

• Robbery: “Two men attempt an armed robbery of a jewelry store.”

Domestic Violence Original story from Mapping Police Violence: “Around 10:38 p.m. some-

one inside a home called 911. On the call, a woman was heard screaming and crying, while a man was

heard ‘making threats.’ Officers heard screaming when they arrived at the home and forced their way

into the home to stop what they said was an immediate threat to the woman’s safety. As the officers

3



entered through the front door, a woman ran out of the home, and a man appeared in a hallway with

the air pistol and reportedly fired at the officers. Four officers shot and killed Cruz.”

• Screaming Woman: “A woman screams and cries while a man makes threats.”

Mental Health (Erratic Behavior) Original story from Mapping Police Violence: “Police got

a call around 10 p.m. about a naked man walking down the near a music festival at Atlanta Motor

Speedway. Officers said when they approached Fernando Rodriguez, he would not cooperate with their

demands. Police said that Rodriquez became combative. At least three officers shocked him with stun

guns—some reports said simultaneously—killing him.”

• Naked Man: “A naked man walks down the street near a music festival.”

Mental Health (Suicidal Ideation) Original story from Mapping Police Violence: “A neigh-

bor concerned that Sullivan was suicidal called police to an apartment complex around 8:30 p.m.

Sullivan was inside his locked apartment when officers, firefighters and medics arrived. He refused to

open the door, but police broke in, and Sullivan confronted them with a knife, and police ordered him

to drop the knife and then shot and killed him.”

• Suicide: “A neighbor seems really upset and says he is ‘thinking about ending things.”’

Homelessness Fictional story

• Disruptive Begging: “A man begs in front of a restaurant and curses at people who

ignore him.”

APPENDIX B: DEMAND FOR POLICE AND ALTERNATIVES: ROBUSTNESS AND ADDITIONAL

ANALYSIS

This section presents robustness checks and additional analyses supporting our main results

on Demand for Police and Alternatives (Section 3 of the main paper), corresponding to

the robustness discussion in Section 3.5. Table A.1 summarizes and defines all outcome

variables used in our main analysis.

Experimenter Demand Effect The possibility of respondents altering their answers to

align with their perceived expectations of the experimenters is a concern.1 While this

could influence respondents in the DCTP or Government groups to reduce their reported

likelihood of calling the police, the findings for the “armed robbery” scenario, although not

statistically significant, suggest otherwise. After viewing the DCTP or Government video, re-

spondents were more or less likely to report that they would call the police in this scenario,

1Recent evidence, however, suggests limited experimenter demand effects in some online surveys (de Quidt
et al., 2018; Mummolo and Peterson, 2019; Haaland et al., 2023).

4



indicating that the scenario’s perception of severity may have overridden any experimenter

demand effects.2

Impact of Information from Within Variation To ensure comparability between pre-

treatment and post-treatment questions, we present results in Table A.2 from a regres-

sion using a modified dependent variable that captures changes in respondents’ likelihood

of calling the police, without controlling for the baseline index since it is now part of

the dependent variable. This variable measures the difference in the likelihood of calling

the police before and after treatment; we calculate the change by aligning the estimated

demand in each scenario with the baseline demand for the respective category (violent

or nonviolent). The results are consistent with our main analysis: The DCTP treatment

significantly reduces the likelihood of calling the police in the nonviolent “naked man,”

“suicidal ideation,” and “disruptive begging” scenarios while slightly increasing it in the

“armed robbery” scenario. The Government treatment shows no significant impact across

most scenarios.

2Moreover, the “don’t call the police” name implies that any experimenter demand effect would likely bias
the reported likelihood of calling the police downward in that it directly discourages respondents from doing
so (Haaland et al., 2023).
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TABLE A.1. Definitions of Outcomes

Outcome Type Survey Category j Outcome Scale

1 Likelihood of calling the police for scenario j Main Baseline, Week 1
Robbery; Screaming Woman;

yj 0 to 100
Naked Man; Suicidal Ideation; Disruptive Begging

2 Confidence in previous response for scenario j Secondary Baseline, Week 1
Robbery; Screaming Woman;

yj 0 to 100
Naked Man; Suicidal Ideation; Disruptive Begging

3 Police index
Main Baseline, Week 1

All scenarios
(1/J)ÂJ

j=1(yj � µ
y
j )/s

y
j z-score4 Violent index Robbery; Screaming Woman

5 Nonviolent index Naked Man; Suicidal Ideation; Disruptive Begging

6 Category j should respond Secondary Baseline, Week 1 Police; Social Worker; No one Responderj 0 = no, 1 = yes

7 Interest in website j Secondary Baseline, Week 1
Dontcallthepolice.com;

Websitej 0 = no, 1 = yes
911alternatives.com; Not Interested

8 Dial j for sucidal ideation Main Follow-up, Week 2 988; 911 Callj 0 = no, 1 = yes

Notes: This table defines the outcomes used in the analysis. The police demand, violent scenario, and nonviolent scenario indices are KLK indices, which we compute by subtracting the control
group’s mean, µ

y
j , and dividing by its standard deviation, s

y
j .
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TABLE A.2. Impact of Information Treatments on Demand for Police Using Within Variation

(1) (2) (3) (4) (5)

Diff.
Robbery

Diff.
Screaming

Woman

Diff.
Naked
Man

Diff.
Suicidal
Ideation

Diff.
Disruptive
Begging

DCTP 1.588⇤ -5.779⇤⇤⇤ -7.744⇤⇤⇤ -17.98⇤⇤⇤ -4.069⇤⇤

(0.886) (1.311) (1.942) (1.783) (1.635)

Government 0.504 1.857 2.066 -0.200 1.717
(0.902) (1.212) (1.966) (1.790) (1.695)

Controls Yes Yes Yes Yes Yes
Mean of Dep. -0.68 -8.16 8.39 9.74 -15.45
Observations 2745 2745 2745 2745 2745

Notes: This table presents the impact of the Government and DCTP information treat-
ments on the demand for police across various scenarios, utilizing pre/post treatment
variation. The dependent variable measures the change in the likelihood of calling the
police in each situation before and after the treatment. For each scenario, we adjust for
baseline demand by matching the scenario with its respective category: “Robbery” with
crime, “Screaming Woman” with domestic violence, “Naked Man” and “Suicidal Ideation”
with mental health, and “Disruptive Begging” with homelessness/housing. We initially
assessed baseline demand for police by asking respondents to rate the importance of po-
lice involvement in incidents such as domestic violence, substance abuse, mental health,
sexual assault, and homelessness/housing crises. Robust standard errors are reported in
parentheses. The mean of the dependent variable for the control group (individuals re-
ceiving information about different types of unemployment who are Republicans) is also
provided. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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Confidence in the Likelihood of Calling the Police We examine respondents’ confi-

dence in their reported likelihood of calling the police to address potential self-selection

in decision-making. Experimental conclusions based on average behavior may overlook

such biases, limiting their real-world relevance. Following Enke et al. (2023), we use con-

fidence ratings to gauge how individuals’ self-assessed decision quality aligns with actual

behavior. Table A.3 reports confidence patterns across scenarios. The mean confidence lev-

els in the reference group, which received information about unemployment, show that

people are more confident about their reported likelihood of involving police in violent

scenarios and less confident about this likelihood for nonviolent crises. We observe no

significantly differential confidence for the “armed robbery” and “suicidal ideation” sce-

narios. The DCTP treatment significantly reduces respondents’ confidence in their reported

likelihood of calling the police for the “screaming woman” and “naked man” situations,

while under the Government treatment, their confidence in their response increases for the

“screaming woman” scenario but decreases for the “disruptive begging” scenario.

TABLE A.3. Confidence in Reported Likelihood of Calling the Police

(1) (2) (3) (4) (5)
Armed

Robbery
Screaming

Woman
Naked
Man

Suicidal
Ideation

Disruptive
Begging

DCTP 0.262 -2.665⇤⇤⇤ -4.480⇤⇤⇤ -0.0356 -1.099
(0.575) (0.975) (1.232) (1.197) (1.259)

Government 0.140 1.912⇤⇤ -1.335 1.557 -2.757⇤⇤

(0.570) (0.910) (1.223) (1.164) (1.286)

Controls Yes Yes Yes Yes Yes
Mean of Dep. 95.70 85.92 80.22 79.07 79.41
p-value:DCTP=Government 0.82 0.00 0.01 0.18 0.20
Observations 2745 2745 2745 2745 2745

Notes: This table presents the impact of the Government and DCTP information treatments on the confi-
dence in the reported likelihood of calling the police. The dependent variable is the respondent’s level of
confidence in the reported likelihood of calling the police in the proposed situation (0–100). We report
robust standard errors in parentheses. We report the mean of the dependent variable of the omitted
category, i.e., the control group, which is composed of individuals receiving information about different
types of unemployment. * Significant at 10%; ** significant at 5%; *** significant at 1%.

Heterogeneity Tables A.4, A.5, and A.6 present the heterogeneity in our findings across

various respondent characteristics and indices. For the nonviolent scenarios, the trend
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shows a consistent decrease in demand for police, with women, White, and older respon-

dents displaying the largest declines relative to the effects in the main sample. For violent

scenarios, the patterns are mixed, with demand for police among White and Black respon-

dents declining notably after exposure to the DCTP information, diverging from the main

sample’s response, although this result is only marginally statistically significant. In con-

trast, Hispanic respondents exposed to the DCTP information are 0.231s likelier to call

the police for the violent scenarios, although this difference is statistically nonsignificant.

Overall, the findings align with the main sample’s tendency toward reduced demand for a

police response in nonviolent situations.

Baseline Demand In Table A.7, we investigate the influence of the DCTP and Government

treatments on the propensity to call the police, segmenting the results by respondents’

baseline reliance on police services. Respondents are categorized into low-, moderate-,

and high-reliance groups based on their position within the terciles of the baseline police

demand index.

For the “armed robbery” scenario, the DCTP treatment increases low-propensity callers’

likelihood of contacting the police more than moderate- and high-propensity callers’, albeit

not significantly. The Government treatment’s impact is minimal across all groups. Demand

for a police response in nonviolent crises is more responsive to the treatments among

the moderate- and high-propensity groups. The DCTP treatment significantly decreases

the likelihood of preferring police involvement in the “screaming woman,” “naked man,”

“suicidal ideation,” and “disruptive begging” scenarios. The Government treatment similarly

affects demand for police, notably so for the “disruptive begging” scenario among the low-

propensity group. Overall, the DCTP treatment has a more substantial impact, especially on

demand for a police response for nonviolent situations among the groups with moderate

and high baseline propensity to call the police.
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TABLE A.4. Heterogeneity Analysis: Impact of Information Treatments on Demand for Police

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Main

sample Female Male White Black Hispanic
39 yo
or less

40 yo
or more

Less
than college

More
than college

DCTP -0.178⇤⇤⇤ -0.248⇤⇤⇤ -0.109⇤⇤⇤ -0.186⇤⇤⇤ -0.270⇤⇤⇤ -0.0582 -0.133⇤⇤⇤ -0.213⇤⇤⇤ -0.167⇤⇤⇤ -0.186⇤⇤⇤

(0.0254) (0.0329) (0.0396) (0.0295) (0.0688) (0.0971) (0.0418) (0.0318) (0.0448) (0.0306)

Government 0.0414 0.0385 0.0387 0.0231 0.0446 0.134 0.0491 0.0355 0.0549 0.0350
(0.0255) (0.0315) (0.0415) (0.0293) (0.0698) (0.107) (0.0411) (0.0321) (0.0452) (0.0309)

Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
p-value:DCTP=Government 0.00 0.00 0.00 0.00 0.00 0.06 0.00 0.00 0.00 0.00
Observations 2745 1514 1231 1851 515 158 1134 1611 976 1769

Notes: This table presents the impact of the DCTP and Government information treatments on the demand for police. Each column shows the results for a different subsample
across various characteristics (main sample, gender, race, age, and education). The dependent variable is a KLK index, i.e., a z-score that we compute by subtracting the control
group’s mean and dividing by its standard deviation. A higher score indicates greater demand for police. The index captures the demand for police for all scenarios. The dependent
variable indicates the likelihood of calling the police in the proposed situation. We report robust standard errors in parentheses. We report the mean of the dependent variable of
the omitted category, i.e., the control group, which is composed of individuals receiving information about different types of unemployment. * Significant at 10%; ** significant at
5%; *** significant at 1%.
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TABLE A.5. Heterogeneity Analysis: Impact of Information Treatments on Demand for Police for Violent Scenarios

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Main

Sample Female Male White Black Hispanics
39yo

or less
40yo

or more
Less

than college
More

than college

DCTP -0.0789⇤⇤ -0.0948⇤⇤ -0.0693 -0.0962⇤⇤ -0.169⇤ 0.231 -0.0961 -0.0650 -0.0661 -0.0901⇤⇤

(0.0343) (0.0433) (0.0557) (0.0379) (0.0956) (0.155) (0.0614) (0.0400) (0.0625) (0.0403)

Government 0.0504 0.0670 0.0280 0.0289 0.0411 0.255 0.0314 0.0716⇤ 0.0789 0.0364
(0.0345) (0.0407) (0.0591) (0.0384) (0.0976) (0.159) (0.0611) (0.0392) (0.0633) (0.0410)

Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
p-value:DCTP=Government 0.00 0.00 0.09 0.00 0.02 0.86 0.03 0.00 0.02 0.00
Observations 2745 1514 1231 1851 515 158 1134 1611 976 1769

Notes: This table presents the impact of the DCTP and Government information treatments on the demand for police in violent situations. Each column shows the results for a
different subsample across various characteristics (main sample, gender, race, age, and education). The dependent variable is the KLK score, i.e., a z-score that we compute by
subtracting the control group’s mean and dividing by its standard deviation. A higher score indicates greater demand for police. The index captures the demand for police for
the violent scenarios, i.e., “armed robbery” and “screaming woman.” The dependent variable indicates the likelihood of calling the police in the proposed situation. We report
robust standard errors in parentheses. We report the mean of the dependent variable of the omitted category, i.e., the control group, which is composed of individuals receiving
information about different types of unemployment. * Significant at 10%; ** significant at 5%; *** significant at 1%.

11



TABLE A.6. Heterogeneity Analysis: Impact of Information Treatments on Demand for Police for Nonviolent Scenarios

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Main

sample Female Male White Black Hispanic
39 yo
or less

40 yo
or more

Less
than college

More
than college

DCTP -0.244⇤⇤⇤ -0.350⇤⇤⇤ -0.135⇤⇤⇤ -0.246⇤⇤⇤ -0.337⇤⇤⇤ -0.251⇤⇤ -0.157⇤⇤⇤ -0.312⇤⇤⇤ -0.235⇤⇤⇤ -0.250⇤⇤⇤

(0.0303) (0.0395) (0.0467) (0.0365) (0.0778) (0.102) (0.0459) (0.0398) (0.0505) (0.0378)

Government 0.0355 0.0196 0.0458 0.0193 0.0470 0.0527 0.0610 0.0114 0.0390 0.0341
(0.0306) (0.0392) (0.0480) (0.0363) (0.0794) (0.121) (0.0456) (0.0408) (0.0512) (0.0384)

Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
p-value:DCTP=Government 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00
Observations 2745 1514 1231 1851 515 158 1134 1611 976 1769

Notes: This table presents the impact of the DCTP and Government information treatments on the demand for police for nonviolent situations. Each column shows the results for
a different subsample across various characteristics (main sample, gender, race, age, and education). The dependent variable is a KLK index, i.e., a z-score that we compute by
subtracting the control group’s mean and dividing by its standard deviation. A higher score indicates greater demand for police. The index captures the demand for police for
the nonviolent scenarios, i.e., “naked man,” “suicidal ideation,” and “disruptive begging.” The dependent variable indicates the likelihood of calling the police in the proposed
situation. We report robust standard errors in parentheses. We report the mean of the dependent variable of the omitted category, i.e., the control group, which is composed of
individuals receiving information about different types of unemployment.. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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TABLE A.7. Heterogeneity Analysis: Demand for Police by Baseline Propensity to Call Police

(1) (2) (3) (4) (5)
Armed

Robbery
Screaming

Woman
Naked
Man

Suicidal
Ideation

Disruptive
Begging

A) Low

DCTP 1.600 -3.319 -5.346⇤ -10.04⇤⇤⇤ -0.260
(2.232) (2.644) (3.041) (2.879) (2.007)

Government 1.402 0.187 0.523 0.763 4.718⇤⇤

(2.214) (2.593) (3.172) (3.104) (2.144)

Controls Yes Yes Yes Yes Yes
Mean of Dep. 86.21 70.98 31.97 31.78 12.85
p-value:DCTP=Government 0.93 0.18 0.06 0.00 0.02
Observations 686 686 686 686 686

B) Mid

DCTP 0.661 -6.390⇤⇤⇤ -7.690⇤⇤⇤ -20.28⇤⇤⇤ -3.023⇤

(0.911) (1.720) (2.397) (2.170) (1.734)

Government -0.541 2.851⇤ -0.0130 -3.682⇤ 1.679
(1.018) (1.544) (2.445) (2.221) (1.761)

Controls Yes Yes Yes Yes Yes
Mean of Dep. 95.13 81.36 51.11 53.39 24.07
p-value:DCTP=Government 0.20 0.00 0.00 0.00 0.01
Observations 1375 1375 1375 1375 1375

C) High

DCTP 1.454 -5.622⇤⇤⇤ -7.705⇤⇤ -18.11⇤⇤⇤ -4.808
(0.944) (1.966) (3.295) (3.268) (3.081)

Government 1.370 0.495 3.645 2.049 4.047
(1.042) (1.825) (3.362) (3.129) (3.304)

Controls Yes Yes Yes Yes Yes
Mean of Dep. 96.90 88.79 67.23 68.25 37.45
p-value:DCTP=Government 0.91 0.00 0.00 0.00 0.01
Observations 684 684 684 684 684

Notes: This table presents the impact of the DCTP and Governement information treatments on the
demand for police in each situation by baseline propensity to call the police. Respondents with low
(Panel A) and high (Panel C) propensity to call the police are those in the bottom and top quartiles
of the baseline police demand index, respectively. Individuals in the second and third quartiles are
categorized as having a moderate propensity to call the police (Panel C). The dependent variable
indicates the likelihood of calling the police in the proposed situation (0–100). We report robust
standard errors in parentheses. We report the mean of the dependent variable of the omitted cate-
gory, i.e., the control group, which is composed of individuals receiving information about different
types of unemployment. * Significant at 10%; ** significant at 5%; *** significant at 1%.
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FIGURE A.1. Research Development Timeline: Experiments and Replications

Version Sample & Design Intervention Date Main Results Takeaway Additional Results on the Role of Danger
January 2024 n ≈ 2,900 U.S. adults, active-control design 

(988/211/311 video vs. DCTP & Police-Violence 
videos).

Prolific sample 1: 
October 2023

DCTP Treatment: Armed robbery showed an 
increase (prioritized intervention); Naked man 
scenario showed a decrease. Police Violence 
Treatment: Similar patterns but smaller magnitudes 
for nonviolent scenarios. Both treatments show no 
significant difference in robbery response but 
significant reductions across all nonviolent situations.

DCTP video reduced overall police demand, with 
larger effects for nonviolent scenarios. Both 
treatments increased demand for armed robbery but 
decreased it for nonviolent situations. DCTP has 
larger effects.

We proposed a method using open-text answers and AI to 
compute a score of immediate perceived danger requiring 
police. Perceived danger is the key mediator: treatments shift 
danger ratings and, when risk is judged high for the robbery, 
respondents still call 911, whereas low-danger crises see sharp 
DCTP-driven drops in police demand. Open-text coding into 
“danger/no-danger” rationales shows how information reshapes 
risk perception and decisions.

n ≈ 3,400, identical scripts, plus an uninformed "pure" 
control for external replication. This control group was 
drawn from a concurrently fielded, independent survey 
and is therefore outside the experimental sample.

1)  Prolific sample 1: 
October 2023                                                                
2) Prolific sample 2 
(pure control): January 
2024

DCTP vs. Pure Control: Armed robbery showed an 
increase (unchanged violent demand); Naked man 
scenario showed a significant decrease; Suicidal 
ideation showed the largest decrease with high 
significance; Disruptive begging showed a significant 
decrease. Findings replicate January results with even 
stronger effect for suicidal ideation. Clear pattern: 
DCTP preserves police demand for high-stakes 
violence while substantially reducing reliance for 
mental health and public order issues

Replication study confirmed main findings: DCTP 
treatment significantly reduced police demand for 
nonviolent scenarios while maintaining demand for 
violent crimes. Information about alternatives was 
most effective for situations where nonpolicing 
solutions exist and are viable.

Same as before that we relay in the Appendix.

Incentivised recall test on about 38% of initial 
respondents after 6 months

1)  Prolific sample 1: 
October 2023                                                                
2) Prolific sample 1 
(follow-up): Avril 
2024

Six-month follow-up showed persistent effects: 
DCTP exposure increased 988 hotline usage for 
suicidal ideation by ~12-20 pp while maintaining 911 
usage for robberies. Effects remained significant half 
a year after initial exposure, indicating lasting 
behavioral changes.

Six-month follow-up showed persistent effects with 
DCTP exposure increasing 988 hotline usage for 
suicidal ideation while maintaining 911 usage for 
robberies, indicating lasting behavioral changes that 
remained significant half a year after initial 
exposure, though results should be interpreted with 
caution due to sample attrition.

N/A

August 2024, November 
2024

n ≈ 2,700 full replication with Prolific users: pure-
control group vs active- 988/211/311 video vs. DCTP. 
Follow-up incentivised recall  85% of initial 
respondents after 1 week.

1)  Prolific sample 
1:July 2024                                                              
2) Prolific sample 1 
(follow-up): August  
2024

Full replication with Fresh Sample: All nonviolent 
scenarios show consistent DCTP effects. Suicidal 
ideation: 988 usage doubled from 9% to 17% (+8 
pp), while 911 usage decreased -21 pp. Naked man, 
disruptive begging scenarios maintain significant 
reductions in police demand. Armed robbery 
scenarios preserve high police demand. Results 
confirm treatment effects are robust across different 
populations and time periods.

Replication with new participants confirmed 
robustness of findings across different populations 
and timepoints.

This Draft 1) n ≈ 2,700 full replication with Prolific users: pure-
control group vs active- 988/211/311 video vs. DCTP. 
Follow-up incentivised recall  85% of initial 
respondents after 1 week. (Experimental Sample)                                                                                                                                         
2) n ≈ 340+,  Police Survey (no randomization or 
information treatment on police alternatives)

1)  Prolific sample 
1:July 2024                                                              
2) Prolific sample 1 
(follow-up): August  
2024                                           
3) Police Sample: 
January 2024

1) Experimemental Sample, same as before                                                                   
2) Police Survey:  law enforcement experts express 
strong preferences for police-led interventions and 
deep skepticism toward alternatives, especially when 
the latter are framed in DCTP terms

N/A

While not included in the paper, DCTP treatment increases 
perceived danger for robbery scenarios (where police response is 
appropriate) and significantly reduces it for nonviolent situations 
compared to both control groups. Police and general population 
show similar danger perceptions overall, both rating robbery as 
highly threatening and suicidal ideation/disruptive begging as 
lower risk, but law enforcement perceives notably higher danger 
in the "naked man" scenario, indicating differential threat 
assessment for mental health-related incidents. These findings 
suggest that differing risk assessments, rather than information 
alone, drive preferences for police versus alternative responders.

April 2024

Notes: This table presents the timeline of experiments and replication of key results. Prior versions of the papers can be found as the NBER Working Paper 32418
and in this Dropbox folder.
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Research Development Timeline: Experiments and Replications This study represents

the culmination of an iterative experimental process with multiple replications and refine-

ments that strengthen confidence in our core findings. Figure A.1 summarizes the develop-

ment process and key results. The January 2024 draft established the basic experimental

framework and introduced a method using open-text responses and AI to compute per-

ceived danger scores, showing that perceived danger mediates treatment effects. The April

2024 version expanded the sample, added a pure control group to enhance external valid-

ity, and showed persistent treatment effects through a six-month follow-up with continued

increases in 988 hotline usage for suicidal ideation. The August–November 2024 draft pre-

sented a full replication with incentivized recall testing after one week, confirming robust-

ness across populations and time points. This version also showed that the DCTP treatment

raised perceived danger for robbery scenarios but lowered it for nonviolent ones, with law

enforcement consistently deeming mental-health crises more dangerous than civilians did.

Throughout these iterations, the core pattern remained consistent: The DCTP treatment re-

duced police demand for nonviolent scenarios while having no effect on demand for police

in violent situations.

The current draft integrates these experimental findings with our law enforcement ex-

pert survey, documenting differences between public and institutional preferences regard-

ing crisis response alternatives.

APPENDIX C: FIELD EXPERIMENT

This section details the design of the field experiment and presents additional analyses

complementing the main results discussed in Section 5 of the paper.

C.1 Experimental Design

Our large-scale field experiment, conducted from February to March 2024 and preregis-

tered with the AEA registry (AEARCTR-0013061), targeted key stakeholders shaping poli-

cies on access to police alternatives. Invitations were emailed via Qualtrics from the Duke

Economic Analytics Laboratory, summarizing our finding that informing the public about

resources on dontcallthepolice.com reduced the likelihood of calling the police for nonvio-

lent encounters.

Recipients could request the report and provide feedback by clicking a link or replying,

“Yes, send me the report so I can learn more and provide feedback.” No reply after four

attempts, spaced eight days apart, was recorded as a “no” response. Respondents who
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requested more information received an email with a brief report outlining the key findings

of a previous version of the paper by Ba et al. (2024). This report replicates our core

results, highlighting the bipartisan shift in preferences toward nonpolice crisis response in

nonviolent situations under our information treatment.

Counties were the randomization unit in our experimental design and were allocated

to one of two conditions: 911 alternatives or DCTP. Both email variants included identical

content and a video link about Don’t Call the Police, but the DCTP condition used specific

language from the Don’t Call the Police website. The subject lines of the emails varied as

follows:

• “911 alternatives”: “New research: bipartisan support for police alternatives – receive

information about the findings and 911alternatives.com”

• ‘DCTP”: “New research: bipartisan support for police alternatives – receive informa-

tion about the findings and dontcallthepolice.com”

Data Source and Sample Selection We compiled contact information from three main

sources to include experts from law enforcement, DOJ grantees, and local officials. Law en-

forcement and correctional facility contacts were obtained from the National Public Safety

Information Bureau, DOJ grantee data from public DOJ records, and local official contacts

from online databases with valid emails and identifiable counties.

Contacts were categorized as “police,” “sheriff and detention,” “other law enforce-

ment,” “local officials,” or “DOJ grantees.” We supplement these contacts with demographic

and political data from the ACS 2017–2021 and MIT Election Data and Science Lab, along

with law enforcement metrics from LEOKA 2022 and crime statistics from the FBI UCR

2022. We also use data on fatalities caused by law enforcement from Mapping Police Vi-

olence, excluding counties with insufficient data or fewer than five contacts for privacy.

Initially, we reached out to 48,597 email addresses. After removing invalid contacts, our

final sample included 45,163 valid addresses. Our main analysis focuses on the 11,623

recipients who opened the email, spanning 2,368 counties.
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FIGURE A.2. Stakeholders’ Willingness to Learn About Police Alternatives by County Characteristics

Main Specification

Main Specification

Main Specification

High Search of Defund

High Search of Defund

High Search of Defund

Low Search of Defund

Low Search of Defund

Low Search of Defund
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Police Killing

Police Killing

No Police Killing

No Police Killing

No Police Killing

Unemp. Rate > p50

Unemp. Rate > p50

Unemp. Rate > p50

Unemp. Rate ≤ p50

Unemp. Rate ≤ p50

Unemp. Rate ≤ p50

Sh. Republican > 0.5

Sh. Republican > 0.5

Sh. Republican > 0.5

Sh. Democrat > 0.5

Sh. Democrat > 0.5
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Mean Dep.911 Alt = .048

Notes: This figure presents the impact of assignment to the group receiving the email with the DCTP subject line on the willingness to receive information about
support for police alternatives, broken down by county characteristics. The dependent variable, “Send Information,” equals one if the respondent wanted to
receive information about the study and zero otherwise. The county subsamples are: Google search intensity for “Defund the Police” (high/low search intensity),
unemployment rate (above/below median), majority Republican, majority Democrat, no majority, urban/rural, murder rate (above/below median), police per
capita (above/below median), and any police killing in 2022 (yes/no). We report the mean of the dependent variable for the omitted category, i.e., the control
group, which includes respondents assigned to the 911 alternatives subject line who are not police in the main specification. We report the estimates with controls
in the regressions. We report 95% confidence intervals using standard errors clustered at the county level.
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TABLE A.8. Who Opened the Email?

(1) (2) (3) (4)
Open
Email

Open
Email

Open
Email

Open
Email

DCTP 0.00871 0.00572 0.00700 0.00356

(0.00548) (0.00607) (0.00535) (0.00607)

Police 0.0353⇤⇤⇤ 0.0280⇤⇤⇤ 0.0352⇤⇤⇤ 0.0269⇤⇤⇤

(0.00616) (0.00817) (0.00611) (0.00806)

DCTP⇥Police 0.0139 0.0159

(0.0122) (0.0120)

Share Black 0.0409 0.0411

(0.0263) (0.0263)

Share Hispanic 0.00770 0.00773

(0.0160) (0.0160)

Share Other Race 0.00617 0.00661

(0.0355) (0.0354)

Unemployment Rate -0.105 -0.107

(0.147) (0.147)

Share Republican -0.0363⇤⇤ -0.0363⇤⇤

(0.0152) (0.0152)

Urban 0.0501⇤⇤⇤ 0.0502⇤⇤⇤

(0.00654) (0.00654)

High Search of Defund -0.00663 -0.00672

(0.00579) (0.00580)

Murders per 1,000 0.00179 0.00255

(0.0435) (0.0436)

Violent Crimes per 1,000 -0.00198 -0.00203

(0.00164) (0.00163)

Property Crimes per 1,000 0.000292 0.000299

(0.000417) (0.000416)

Police per 1,000 0.000315 0.000314

(0.00176) (0.00176)

Police Killings per 100K -0.000190 -0.000197

(0.00253) (0.00253)

Controls No No Yes Yes

Mean of 911 Alternatives 0.26 0.26 0.26 0.26

Observations 44162 44162 44162 44162

Notes: This table presents the factors impacting the likelihood of opening the email. The de-
pendent variable equals one if the respondent opened the email and zero otherwise. We report
the mean of the dependent variable for the omitted category, i.e., the control group, which in-
cludes respondents assigned to the 911 alternatives subject line who are not police. We report
standard errors clustered at the county level in parentheses. * Significant at 10%; ** significant
at 5%; *** significant at 1%.
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C.2 Additional Results

Heterogeneity Analysis Figure A.2 shows that framing sensitivity was strongest in high-

pressure environments. Combined with the interview evidence, this pattern likely reflects

police concerns about framings that symbolically or substantively challenge their role. This

effect varied across local contexts: Responsiveness to the DCTP subject line was ampli-

fied in counties with heightened sociopolitical pressures—high “Defund the Police” search

intensity, higher crime and unemployment, and majority-Democrat populations. In these

environments, where police may feel greater scrutiny and strain, the DCTP framing proved

significantly more effective at generating engagement than the 911 alternatives subject

line, which tended to reduce response rates. This suggests that the subject line respon-

siveness was deeply contextual, with strategic framing becoming increasingly important in

polarized environments.

Other Analysis Our main sample focused on respondents who opened the email. We ex-

plore factors influencing email open rates, summarized in Table A.8. The dependent vari-

able is one if the respondent opened the email and zero otherwise. About one-quarter of

recipients in the reference group opened it. The DCTP subject line has a positive but in-

significant effect on open rates. Police respondents are significantly likelier to have opened

the email, with coefficients ranging from 2.7 to 3.5 pp (p < 0.01). The interaction between

DCTP and police status is positive but not significant. Most covariates, such as race, unem-

ployment rate, urban status, and crime statistics, show no significant effects, except urban

status and share Republican, which have positive and negative significant effects, respec-

tively. These findings imply that while the DCTP subject line alone did not significantly

increase engagement, targeting police respondents enhanced the email open rates.

Table A.9 reports a robustness check of the main results (Table 5), estimating the effect

of the DCTP subject line without conditioning on email opening. These results remain

consistent: Police respondents engaged significantly more with the DCTP-framed emails,

with interaction coefficients of 0.95–0.97 pp. This represents nearly a 95% increase relative

to the 1% baseline engagement rate among nonpolice stakeholders in the 911 alternatives

group, confirming that police were substantially more responsive to the DCTP framing.
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TABLE A.9. Impact of DCTP on Stakeholders’ Willingness to Learn About Police Alternatives for the
Whole Sample

(1) (2) (3) (4)
Send

Information
Send

Information
Send

Information
Send

Information

DCTP 0.00282⇤⇤ 0.000780 0.00248⇤⇤ 0.000380
(0.00113) (0.00129) (0.00109) (0.00125)

Police 0.000355 -0.00463⇤⇤⇤ 0.000652 -0.00445⇤⇤⇤

(0.00140) (0.00156) (0.00142) (0.00161)

DCTP⇥Police 0.00950⇤⇤⇤ 0.00972⇤⇤⇤

(0.00271) (0.00272)

Controls No No Yes Yes
Mean of 911 Alternatives 0.01 0.01 0.01 0.01
Observations 44162 44162 44162 44162

Notes: This table presents the impact of assignment to the DCTP subject line on the likelihood of
responding and the willingness to receive information about support for police alternatives, broken
down by police status. The dependent variable, “Send Information,” equals one if the respondent
wanted to receive information about the study and zero otherwise. We report the mean of the
dependent variable for the omitted category, i.e., the control group, which includes respondents
assigned to the 911 alternatives subject line who are not police. We report standard errors clustered
at the county level in parentheses. * Significant at 10%; ** significant at 5%; *** significant at 1%.

APPENDIX D: QUALITATIVE STUDY: DATA AND METHODS

This appendix details the methods used in the qualitative portion of this study.

D.1 Sampling and Recruitment

In the first stakeholder email, recipients were invited to click a link to receive a summary re-

port of the original study and provide feedback. Those who expressed interest subsequently

received (a) the summary report, (b) a study information sheet detailing the interview pro-

tocol, and (c) a brief survey to indicate interview interest by submitting their email address

(see Supplementary Materials B).

Table A.10 reports response rates across recruitment stages. We conducted 60 inter-

views out of 150 interested stakeholders (40%). We sent two follow-up emails to those

who expressed interest in participating in an interview but had not responded to our in-

vitation to set up a time. Four research assistants, trained for four hours by a coauthor,

conducted interviews via Zoom between April and June 2024. Interviews lasted an aver-

age of 47 minutes and followed a structured guide covering recall of the study, associations

with the DCTP and 911 alternatives frames, and reactions to findings. After each interview,

the assistants wrote an internal memo summarizing takeaways and surprises, supporting
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an abductive analysis (Timmermans and Tavory, 2012). All stakeholder groups were repre-

sented except sheriffs and detention facilities (one respondent), which were merged with

other law enforcement to ensure confidentiality.

DeLuca (2023) emphasizes that rigorous qualitative research must justify and trans-

parently report its sampling strategy, consistently asking “who did we not talk to?” and as-

sessing whether nonparticipation may bias results (Duneier, 2011). We received 34 email

declines from invited participants. Although still a selected group, these responses illumi-

nate reasons for nonparticipation. About 53% cited “practical” reasons—questions about

logistics or link safety (32%), perceived irrelevance (21%), or expired links (3%)—while

62% offered substantive feedback: opposition to police alternatives (29%), cautious sup-

port (26%), or claims of study bias (9%). Only one email distinguished between 911 alter-

natives and DCTP, warning about the negative message signaled by the latter framing. It

may be the case that those least supportive of police alternatives were also least likely to en-

gage with an academic study in any way. Nonetheless, we are confident that the interview

participants shared many of the views expressed in these emails.

D.2 Analytic Approach

Each interview was conducted virtually, audio-recorded, and transcribed via Zoom. A grad-

uate assistant cleaned and verified each transcript.

Following best practices in qualitative coding (Charmaz, 2006), we used NVivo and

Excel to code transcripts in two stages. First, we performed structural coding, creating a

code for each question (and related probes) and tagging corresponding answers. In an iter-

ative process, we discussed emerging themes (Charmaz, 2006; Glaser and Strauss, 1967)

and potentially surprising patterns (Timmermans and Tavory, 2012), which informed the

next stage. Second, we applied focused coding (Deterding and Waters, 2021) to analyze

patterns within four domains: (a) motivations for participation; (b) sentiments toward 911

alternatives; (c) sentiments toward DCTP; and (d) engagement with police alternatives in

reacting to the scenarios from the original survey. Each parent code included subcodes

that underlie the qualitative findings reported in the paper. For instance, in coding the

motivations for study participation, we identified multiple reasons (e.g., learning about

the evidence base, informing best practices) that we could then trace back to stakeholder

groups and compare across them.

We verified coding reliability through a two-stage intercoder process. A coauthor and

research assistant independently coded words for whether they expressed support or skep-

ticism toward each framing, reaching 84% agreement initially and 93% after discussion;
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the coauthor finalized remaining cases. The coauthor then coded the words and explana-

tions for their content.

As shown in Table A.11, these codes capture the justifications and reactions that partic-

ipants invoked toward 911 alternatives and DCTP. Explanations were crucial since identical

words often carried opposing meanings. For example, two stakeholders used “scared” to

describe DCTP: One linked it to racialized policing (“...you don’t necessarily feel [police]

protect and serve...”), expressing empathy; the other referred to fear of legal exposure

(“...you think you’re gonna get nailed...”), expressing skepticism. The former was coded

as supportive, the latter as skeptical toward police alternatives. These codes reveal varia-

tion across participants in perceptions, understanding, and support of 911 alternatives and

DCTP.

As summarized in Table A.12, the coding of words within interview context confirms

these trends: Police stakeholders associated DCTP with more skeptical (43%) than sup-

portive (37%) terms, while nonpolice stakeholders showed the reverse (64% supportive

vs. 42% skeptical). For 911 alternatives, both groups expressed broad support (95% sup-

portive vs. 7% skeptical for police and 94% vs. 11% for nonpolice).
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TABLE A.10. Qualitative Interview Response Rates

(1) (2) (3) (4) (5)
Send Interested in Participated in Participation | Participation |

Information Interview Interview Information Interested
Police 123 36 15 12% 42%

Nonpolice 436 114 45 10% 39%
Sheriff & Other Law Enforcement 136 39 12 9% 31%
Local Officials 140 28 12 9% 43%
DOJ Grantees 160 47 21 13% 45%

Total 559 150 60 11% 40%

Notes: This table presents the response rates of police and nonpolice stakeholders for the qualitative interviews. Column (4) shows
response rates as the number of interview participants divided by those who requested additional study information. Column (5)
shows response rates as the number of interview participants divided by those who expressed interest in participating. Interviews were
conducted between April and June 2024.
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TABLE A.11. Code Definition & Frequency for Explanations of Word Associations

Police Nonpolice

911 Alt DCTP 911 Alt DCTP

Code Definition N = 42 N = 40 N = 123 N = 111

Model/Domain Identifies specific model or domain of intervention 50% 30% 50% 20%

Training/Equipment Refers to responders best trained & best equipped to manage incident 40% 28% 37% 23%

Resources/Efficiency Focuses on resource allocation and budget impact 48% 23% 17% 14%

Trust/Fear Refers to lack of trust or fear of police 5% 23% 3% 26%

Minoritized Groups Describes perspective or treatment of minoritized groups, especially African Americans and immigrants 2% 28% 2% 14%

Compassion/Community Focuses on need for greater compassion and stronger community 10% 8% 14% 8%

Education Describes need for more education, e.g., about appropriate occasions for dialing 911 10% 10% 10% 15%

Noncriminal Issues Refers to the frequency of noncriminal, nonemergency, or noncrisis issues 7% 15% 15% 10%

Safer/Less Police Violence Describes potential for increased safety due to less police violence 7% 5% 14% 13%

Note: This table summarizes the definitions and frequencies of the codes for the explanations interview participants provided for the words they associated
with 911 Alternatives(911 Alt) and Don’t Call the Police (DCTP). A coauthor coded these explanations after establishing intercoder reliability on whether the
words expressed support or skepticism toward the two conditions. Explanations could include multiple issues. Codes that were less salient across stakeholders
(not shown here) were “immediate response times,” “legislation,” and “increased police violence.”
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TABLE A.12. Distribution of Words that Interview Participants Associated with “DCTP” and “911 Alternatives”

DCTP 911 Alt. Overall
Total Total Total

Supportive Skeptical Words Supportive Skeptical Words Supportive Skeptical Words
Police 43% 63% 40 95% 7% 42 70% 34% 82

Nonpolice 64% 42% 111 94% 11% 123 80% 26% 234
Sheriff & Other Law Enforcement 59% 55% 29 94% 22% 32 77% 38% 61
Local Officials 67% 38% 24 100% 3% 33 86% 18% 57
DOJ Grantees 66% 38% 58 91% 10% 58 78% 24% 116

Notes: This table characterizes the words that interview respondents stated in response to the question: “Name three words that you associate with
[Don’t Call the Police/911 Alternatives].” Interview respondents were asked for their responses to both framings beginning with the one to which
they were assigned in the field experiment. Not every respondent offered three words. Respondents were also asked to explain the connection with
each word. Two coders (a coauthor and a research assistant) coded each word alongside its explanation to determine whether the word expressed
support or skepticism, with 93% intercoder reliability. Columns may not add up to the total because words and explanations could have expressed
both skepticism and support or neither.

25


	Introduction
	Literature Review
	Plan


	Background on Police Alternatives
	Governmental Resources
	Nongovernmental Resources


	Demand for Police and Alternatives
	Experimental Design
	Overview and Logistics
	Survey Structure
	Experimental Variation
	Scenarios
	Incentivized Follow-Up Survey
	Empirical Specification
	Outcome Variables


	Descriptives
	Main Results
	Demand for Police
	Preferred First Responders in Crises
	Incentivized Follow-Up Survey


	Does Partisanship Matter?
	Demand for Police
	Interest in dontcallthepolice.com


	Robustness and Additional Analysis

	Diverging Preferences: Public vs. Law Enforcement Perspectives
	Police Expert Survey
	Public and Law Enforcement Divide on Alternative Response
	Average Demand for Police and Support for Alternatives
	Distributional Variations



	Stakeholders' Responses to Our Findings
	Field Experiment on Stakeholder Engagement
	Experimental Design and Sample
	Empirical Specification
	Main Results


	Qualitative Interviews with Stakeholders
	Why Participate in an Interview?
	Perceptions of Police Alternatives
	Immediate Reactions
	Explanations of Perceptions
	Support for 911 Alternatives
	Skepticism Toward DCTP



	Conclusion
	References
	Appendix A: Video Transcripts and Experimental Scenarios
	Video Transcripts
	Scenarios
	Crime
	Domestic Violence
	Mental Health (Erratic Behavior)
	Mental Health (Suicidal Ideation)
	Homelessness



	Appendix B: Demand for Police and Alternatives: Robustness and Additional Analysis
	Experimenter Demand Effect
	Impact of Information from Within Variation
	Confidence in the Likelihood of Calling the Police
	Heterogeneity
	Baseline Demand
	Research Development Timeline: Experiments and Replications



	Appendix C: Field Experiment
	Experimental Design
	Data Source and Sample Selection

	Additional Results
	Heterogeneity Analysis
	Other Analysis



	Appendix D: Qualitative Study: Data and Methods
	Sampling and Recruitment
	Analytic Approach


